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HIATUS project

"Historical Image Analysis for Territory evolUtion Stories™

IGN/LaSTIG , LETG Rennes, ICUBE, DYNAFOR, LIVE, KERMAP
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@ LETG-Rennes : T. Corpetti, G. Fernandez-Garcia

¢ ICUBE : P. Gancarski, H. El Amouri

¢ DYNAFOR : D. Sheeren, Y. Hamrouni, V. Ferreira

@ LIVE : P.-A. Herrault, A. Puissant + S. Derminon (Univ. Paris Saclay)

¢ KERMAP : A. Lefebvre
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Context

Which data to analyze des long-term spatio-temporal evolution of territories ?

Topographic maps

Archival aerial images

Archival satellite images
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Context

Which data to analyze des long-term spatio-temporal evolution of territories?

Topographic maps

Archival aerial images

Archival satellite images

— Archival aerial images : a unique and still not widely used source :
¢ to observe the evolution of territories
¢ to detect (geometric / semantic) changes
¢ to produce historical land cover maps
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Archival aerial images in France
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Number of campaigns / km?

— Archival aerial images:

¢ Available everywhere
¢ Long time series
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Archival aerial images in France
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— Archival aerial images:

¢ Available everywhere

¢ Long time series

¢ Scanned and available
through web services

https://remonterletemps.ign.fr
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© Many possible use cases

¢ Artificialization
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Fraternité

Possible use cases?

© Many possible use cases
¢ Artificialization
@ Forest extension
@ Agricultural practices:
- parcels evolution
- removal of hedges
- possible exposition

to harmful products ?
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Possible use cases?

¢ Many possible use cases
¢ Artificialization
@ Forest extension
Agricultural practices:
parcels evolution
removal of hedges

Littoral erosion
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Possible use cases?

© Many possible use cases
¢ Artificialization
@ Forest extension
@ Agricultural practices:
parcels evolution

removal of hedges

¢ Littoral erosion

¢ Glacier evolution

¢ Archeology
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Possible use cases?

© Many possible use cases
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Wonderful data! >
Let’s go and process them!

But not...
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Archival aerial images?

¢ Very heterogeneous data

(spatial resolution, spectral configuration, season, network structure. ...)
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Archival aerial images?
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¢ Very heterogeneous data

(spatial resolution, spectral configuration, season, network structure. ...
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Archival aerial images?

¢ Very heterogeneous data
(spatial resolution, spectral configuration, season, network structure. ...)
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Archival aerial images?

¢ Multi-view acquisitions — 3D information...
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Archival aerial images?

¢ Multi-view acquisitions — 3D information...
but require pose estimation / internal and external calibration
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"Historical Image Analysis for Territory evolUtion Stories”

¢ Geometric and radiometric processing
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"Historical Image Analysis for Territory evolUtion Stories”
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¢ Geometric and radiometric processing

¢ Data analysis

¢ Pbs: heterogeneity, quality and imprecise data and lack of reference data
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"Historical Image Analysis for Territory evolUtion Stories™
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¢ Geometric and radiometric processing

¢ Data analysis
¢ Pbs: heterogeneity, quality and imprecise data and lack of reference data

¢ Change detection and image+DSM time series analysis
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"Historical Image Analysis for Territory evolUtion Stories™
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¢ Geometric and radiometric processing

¢ Data analysis
¢ Pbs: heterogeneity, quality and imprecise data and lack of reference data
¢ Change detection and image+DSM time series analysis

¢ Semantic segmentation — Transfer learning

— Integrate spatio-temporal constraints / data quality /thematic constraints in transfer learning process
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"Historical Image Analysis for Territory evolUtion Stories™

¢ Geometric and radiometric processing

¢ Data analysis
¢ Pbs: heterogeneity, quality and imprecise data and lack of reference data
¢ Change detection and image+DSM time series analysis
¢ Semantic segmentation — Transfer learning
— Integrate spatio-temporal constraints / data quality /thematic constraints in transfer learning process

¢ End user interaction

— Develop an online viewer to show the evolution of territories for some land cover use cases and an

interactive change detection tool



yayl

EX

EEEEEEEEEE ICN @ [aSTT
AAAAAAAAA

GEOMETRY



.é.

REPUBLIQUE ( :
FRANCA%E I = N
it

Egalité

Fraternité

Archival aerial images?

In France, scanned image are available at :

http://remonterletemps.ign.fr
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Some metadata are available:

¢ Coarse flight plan
Focal
Physical size of images
¢ Scan parameters (dpi)
¢ Calibration [rarely]

L



Usual photogrammetric pipeline

¢ Image orientation:
¢ Interior orientation [image per image ]
¢ Relative orientation: "en l'air" model [ all images + camera metadata ]

¢ Absolute orientation: georeferenced model [ all images + position metadata + GGPs |

M https://micmac.ensg.eu
MicMac|
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Scan parameters (dpi)
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Usual photogrammetric pipeline

¢ Image orientation:

¢ Interior orientation [image per image ]

Some metadata are available:

@ Coarse flight plan

¢ Focal
¢ Physical size of images
@ Scan parameters (dpi)
¢ Calibration [rarely]

¢ Relative orientation: "en l'air" model [ all images + camera metadata ]

¢ Absolute orientation: georeferenced model [ all images + position metadata + GGPs |

¢ Final products:
¢ Dense matching — DSM

¢ Orthoimage (orthorectification + mosaicing)

M https://micmac.ensg.eu
MicMac|
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Usual photogrammetric pipeline

camera parameters

Internal calibration /

Images

y
\ Interior orientation \

v

Tie points
detection and matching
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v

Orthorectification |

v
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Mosaicking
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(True) ortho-images
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Usual photogrammetric pipeline

Internal calibration /

GCPs camera parameters Images
/ \J \
\J Tie points
 Interior orientation detection and matching
/ / . ,, Y \
Absolute Relative
orientation orientation
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Fabas study area ; 12 km x 10 km ; recent ortho-image (IGN BDOrtho)
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= Coarse camera positions
Using only avallable data... Coarse camera calibration

Fabas study area ; 12 km x 10 km ortho -image from an acquisition of 1984
pose+calibration directly out of available metadata
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Fabas study area ; 12 km x 10 km ; ortho-image from an acquisition of 1984
pose+calibration directly out of available metadata




= Coarse camera positions
Using only available datz Coarse camera calibration

o

dy area; 12 km x 10 km
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; DSM from an acquisition of 1984
pose+calibration directly out of available metadata

Fabas stu
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Using only available dat
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Coarse camera positions
Coarse camera calibration

Fabas study area ; 12 km x 10 km ; altimetric difference between "1984" DSM
and present "reference "DSM
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Need for GCPs...

"
S

Fabas study area ; 12 km x 10 km ; altimetric difference between "19
and present "reference "DSM

“
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Proposed approach

S tesm

Focal length
Physical size Orthoimage
Images Flight plan DSM

Scan resolution
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Proposed approach

¢ Use metadata provided with images : Focal length

— "Coarse" initial solution Physical size Orthoimage
Images Flight plan DSM
Scan resolution

Interior and relative orientation
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Proposed approach

¢ Use metadata provided with images :

Focal length
— "Coarse" initial solution Physical size Orthoimage
Images Flight fan DSM

] Scan resolution
¢ Detect automatically GCPs :

Detect and match homologous points between archival " 2Z -7 T2 2y T2 TE 0T
"coarse" ortho-images/DSM and recent reference ones
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Proposed approach

¢ Use metadata provided with images :

Focal length
— "Coarse" initial solution Physical size Orthoimage
Images Flight plan DSM

] Scan resolution
¢ Detect automatically GCPs :

Detect and match homologous points between archival " 2Z -7 T2 2y T2 TE 0T
"coarse" ortho-images/DSM and recent reference ones
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Proposed approach : automatic GCPs

Inter-date homologous point detection — need for a method robust to diachronism...
¢ [Aubry et al., 2014] — designed to detect homologous points
between recent images and historical paintings

— multi-modal and multi-temporal !
¢ SuperGlue [Sarlin et al., 2020] — deep learning based, take into account point spatial arrangement

¢ GlueStick [Pautrat et al., 2023] — deep learning based, detect and match points and lines

For each point — 3D ground coordinates
* Georeferenced ortho-images — planimetric coordinates in map reference system
* DSM — altimetric information

Important amount of false matches — RANSAC filtering (simple 2D transform)

For remaining matches
— reproject points from "old coarse" ortho-image (+ DSM) to archival aerial images
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Inter-date homologous point detection — need for a method robust to diachronism...
¢ [Aubry et al., 2014] — designed to detect homologous points
between recent images and historical paintings
— multi-modal and multi-temporal !

¢ SuperGlue [Sarlin et al., 2020] — deep learning based, take into account point spatial arrangement

¢ Tile based approach
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Proposed approach : automatic GCPs

Inter-date homologous point detection — need for a method robust to diachronism...
¢ [Aubry et al., 2014] — designed to detect homologous points
between recent images and historical paintings
— multi-modal and multi-temporal !

¢ SuperGlue [Sarlin et al., 2020] — deep learning based, take into account point spatial arrangement

¢ Tile based approach

@ Exploit coarse georefencing to retrieve the same image part in recent data
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Proposed approach : automatic GCPs

Inter-date homologous point detection — need for a method robust to diachronism...

&)

=]

-

¢ [Aubry et al., 2014] — designed to detect homologous points
between recent images and historical paintings
— multi-modal and multi-temporal !

¢ SuperGlue [Sarlin et al., 2020] — deep learning based, take into account point spatial arrangement

Tile based approach

Exploit coarse georefencing to retrieve the same image part in recent data
In practice:

¢ first step on (10x) downsampled images to improve «coarse 2D tile position »
© Second step at full resolution
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Automatic GCPs




Automatic GCPs
Superglue vs. [Aubry 2014]?

+ fast + slower

+ works generally well

- but sometimes - more robust

surprising results :
either many points
or no points

within tiles

Superglue




Visual assessment

Fréjus (1954, coarse calibration)

Fabas (1942 , coarse calibration)



Visual assessment

Fréjus (1954)

Fabas (1942)



Fréjus (1966) Fabas (1962)



Visual assessment

Fréjus (1970)

Fabas (1971)



Visual assessment

Fréjus (1978)

Fabas (1984)



Visual assessment

Fréjus (1989)

Fabas (1992)
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Automatic GCPs: results

Altimetric differences between obtained old DSM and reference DSM
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DSM "coarse calibration"

Fabas (1971)

[aSTI



.é.

REPUBLIQUE ( :
FRANGAISE I ] N
Liberté

Egalité

F

Automatic GCPs: results

V) lesm

Altimetric differences between obtained old DSM and reference DSM

°8

-2200m HENM

DSM "coarse calibration"

Fabas (1971)

-S5m HEEE fEEEE 5m

DSM "final calibration”
automatic control points
taken into account in bundle
adjustment



Liberté
Lgalité
Fraternité

Automatic GCPs: results

Altimetric differences between obtained old DSM and reference DSM

Fabas (1971)

.é‘"

200m EEEEE EEEEE 20m 5m EEEE EEEEE 5m Sm EEEEEES SEEEE 5m
DSM "coarse calibration” DSM "coarse calibration" DSM "final calibration"
polynomial model applied to automatic control points
correct altimétric taken into account in bundle

deformations adjustment
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Radiometric issues

How to perform radiometric corrections to obtain homogeneous mosaics?

— main phenomena to consider : vignetting, hot spot, fog, ...

[aSTI
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Radiometric issues

How to perform radiometric corrections to obtain homogeneous mosaics?

— main phenomena to consider : vignetting, hot spot, fog, ...

2 considered methods:

¢ Parametric model:

¢ An additive polynomial correction model for each image
¢ Minimize differences between ortho-images in overlapping areas
¢ Computed at low resolution

[aSTI



Radiometric issues

How to perform radiometric corrections to obtain homogeneous mosaics?

— main phenomena to consider : vignetting, hot spot, fog, ...
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Radiometric issues

How to perform radiometric corrections to obtain homogeneous mosaics?

— main phenomena to consider : vignetting, hot spot, fog, ...

¢ Parametric model

Additive polynomial model

Sometimes tends to smooth images
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Radiometric issues

How to perform radiometric corrections to obtain homogeneous mosaics?

— main phenomena to consider : vignetting, hot spot, fog, ...

¢ Parametric model

Additive polynomial model

Sometimes tends to smooth images
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Radiometric issues [ Lelégard et al., 2020 , 2022 ]

How to perform radiometric corrections to obtain homogeneous mosaics?

— main phenomena to consider : vignetting, hot spot, fog, ...

¢ Non parametric model:
— Estimate at low resolution a gain and offset correction grid for each image
¢ Apply Walis filtering to each image
— gain and offset estimated for each pixel = correction grid

go

Img'(z,y) = el

(Img(z,y) — pw(z,y)) + o

¢ Obtain a low frequency correction model:
— PCA decomposition applied the whole set of correction grids
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Radiometric issues [ Lelégard et al., 2020 , 2022 ]

mosaics?

How to perform radiometric corrections to obtain homogeneous
oo TR { t' E

Raw
orthophotomosaic

© Non parametric model

Statistical gain / offset correction
Raw statistical

equaization
(Walis filtering)

Proposed
correction
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Radiometric issues [ Lelégard et al., 2020 , 2022 ]

How to perform radiometric corrections to obtain homogeneous mosaics?

— main phenomena to consider : vignetting, hot spot, fog, ...

3.20 3.30 | 3.40 350 3.60

43.90

43.80
43.80

Larzac : raw mosaic
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Radiometric issues [ Lelégard et al., 2020 , 2022 ]

How to perform radiometric corrections to obtain homogeneous mosaics?

— main phenomena to consider : vignetting, hot spot, fog, ...

3.20 3.30 3.40 3.50 3.60

43.90

43.80

3.20 T 3.30 ' 3.40 ' 3.50 3.60

Larzac : non parametric model
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Radiometry : non parametric model [ Lelégard et al., 2020 , 2022 |

Needs to define : , .
_ the size of the Walis filter — Develop metrics to help to define these parameters.

- the number of PCs to keep

Impact of the filter size on the Walis correction : how to have a correction suitable at different scales?

Wi o 1 i e o S
% ® q;:-
- F z

p — Loeal mean of the image Jmg u
performed on a square window ol
radius @ (= blur convolution of Fmg
with a radius @) =

desired
glanilard desired
deviation e

l l

p-lmp! =g,

> L’
Local standard deviation

ol the mage fmg performed
on a square window of radius p
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Radiometry : non parametric model [ Lelégard et al., 2020 , 2022 ]

Needs to define :
- the size of the Walis filter
- the number of PCs to keep

Impact of the filter size on the Walis correction : how to have a correction suitable at different scales?

O S I

# — Local mean of the image fing u

; dhesired
performed on a square window ol glandard degired
radius @ (= blur convolution of fmg deviation mein

with a radius g)

o L’
Local standard deviation

of the image Ffmg perfomed
on a square window of radius p
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Radiometry : non parametric model

Needs to define :

- the size of the Walis filter
- the number of PCs to keep

V) lesm

[ Lelégard et al., 2020, 2022 ]

Impact of the filter size on the Walis correction : how to have a correction suitable at different scales?

o — Local mean of the image Jmg
performed on a square window ol
radius g (= blur convolution of fmg
with a radius p)

L

Local standard deviation

of the image fmg performed
on a square window of radius p

desired
slandard
deviation

l

» Img'=a, -

desired

(Img - 1)
S

mcan
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Radiometry : non parametric model [ Lelégard et al., 2020 , 2022 |

Needs to define :
- the size of the Walis filter
- the number of PCs to keep

Impact of the filter size on the Walis correction : how to have a correction suitable at different scales?
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Radlometry ‘' non para metric mOdel [ Lelégard et al., 2020, 2022 ]
Needs to define :
- the size of the Walis filter — Develop metrics to help to define these parameters.

- the number of PCs to keep

Impact of the filter size on the Walis correction : how to have a correction suitable at different scales?

ly
Vel

An invariance by closing and opening metric score is considered



Lgalité
Fraternité

Radiometry : non parametric model [ Lelégard et al., 2020 , 2022 ]

Needs to define :
- the size of the Walis filter
- the number of PCs to keep

Impact of the number of kept PCs on the final correction?
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Radiometry : non parametric model [ Lelégard et al., 2020 , 2022 |

Needs to define :
- the size of the Walis filter
- the number of PCs to keep

Impact of the number of kept PCs on the final correction?
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RadIOmetry ' non para metric mOdel [ Lelégard et al., 2020, 2022 ]
Needs to define :
- the size of the Walis filter — Develop metrics to help to define these parameters.

- the number of PCs to keep

Impact of the number of kept PCs on the final correction?
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Radiometry : non parametric model [ Lelégard et al., 2020 , 2022 ]

Needs to define :
- the size of the Walis filter
- the number of PCs to keep

Impact of the number of kept PCs on the final correction?
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Radiometry : non parametric model [ Lelégard et al., 2020 , 2022 |

Needs to define :
- the size of the Walis filter
- the number of PCs to keep

Impact of the number of kept PCs on the final correction?
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Results [ perspectives: geometry

¢ Fully automatic method to generate orthoimage+DSM time series

¢ Perfectible results but generally compatible with remote sensing analysis
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Results [ perspectives: geometry

¢ Fully automatic method to generate orthoimage+DSM time series

¢ Perfectible results but generally compatible with remote sensing analysis

¢ ~ 30 dates processed on "Strasbourg" study area and ~ 20 for "Fabas" one
¢ Many more experiments for various dates in places to assess the robustness of the

workflow in context of possible transfer to production [Huet, 2023]

¢ Also experimented on IGN'’s foreign (1940s, 1950s and 1960s African) collections
— more tricky because of image conservation state and quality, and landscapes (dense

forest, deserts...)

[aSTI
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¢ Perfectible results but generally compatible with remote sensing analysis

But still some difficulties / limits...

@ How to cope with areas where huge changes occurred

¢ Reduced errors for DSMs, but can still lead to problems when calculating differences between DSMs .
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Results [ perspectives: geometry

¢ Fully automatic method to generate orthoimage+DSM time series

¢ Perfectible results but generally compatible with remote sensing analysis

But still some difficulties / limits...

¢ How to cope with areas where huge changes occurred

¢ Reduced errors for DSMs, but can still lead to problems when calculating differences between DSMs .
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Results [ perspectives: geometry [ Craciun et al., 2022 ]

@ Current work, especially to have better landmarks in rural / natural areas

@ 2D/2D registration of image patches (HoG)

@ Overground filtering (DSM texture)

[aSTI
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Results [ perspectives: geometry

¢ Fully automatic method to generate orthoimage+DSM time series

¢ Perfectible results but generally compatible with remote sensing analysis

But still some difficulties / limits...

¢ How to cope with areas where huge changes occurred
¢ Reduced errors for DSMs, but can still lead to problems when calculating differences between DSMs .

¢ Possible (important) noise artefacts related to image scale, noise, texture, conservation state and landscape
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Results [ perspectives: geometry

¢ Fully automatic method to generate orthoimage+DSM time series

¢ Perfectible results but generally compatible with remote sensing analysis

But still some difficulties / limits...

¢ How to cope with areas where huge changes occurred
¢ Reduced errors for DSMs, but can still lead to problems when calculating differences between DSMs .

¢ Possible (important) noise artefacts related to image scale, noise, texture, conservation state and landscape
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LC classification and change analysis?

Historical orthoimages+DSM time series ?
— opportunities...
¢ Change detection

© Temporal regularization of classifications

Orthoimage

DSM

Ort + DSM

@ Buildings, ® Bare soil, © Crops, @ High Vegetation, © Low Vegetation
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LC classification and change analysis?

Historical orthoimages+DSM time series ?

— opportunities... and difficulties

¢ Heterogeneous data: images’scale, DSM quality

images’quality (noise/artifacts), pb image orientation, radiometry.

@ Change detection

© Temporal regularization of classifications
@ Which training data?

Orthoimage

DSM

Ort + DSM

@ Buildings, @ Bare soil, © Crops, @ High Vegetation. © Low Vegetation
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LC SEMANTIC SEGMENTATION
RETRIEVING PAST FOREST MAP

[D. Sheeren et al., 2023]
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Past forest maps

Study area : Fabas (south-western France) - 172 km?
Ortho-image 1942 (GSD 75cm)

7y

[D. Sheeren et al., 2023]
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Past forest maps [D. Sheeren et al., 2023]

Study area : Fabas (south-western France) - 172 km?
Ortho-image 1942 (GSD 75cm)

Ortho| 1942 (IGN) - ANR Hiatus Ortho| 1942 (IGN) - ANR Hiatus

EDOrtho IRC 2019 (IGN) BDOrtho IRC 2019 (IGN)




Past forest ma oI [D. Sheeren et al., 2023]

Build a reference dataset : annotating 3484 256 x 256 pixels image tiles

Legend:
» per pixel label: (1) tree / (0) non tree
P per tile label: (a) pure, (b) mixt, (c) hedges, (d) individual trees

Two versions:
P coarse-scale dataset
* Manual delineation with cartographic generalisation
(agregation, simplified contours, small objects ignored)
* 4-8 minutes / tile
* 1 operator / tile

P fine-scale dataset
* Manual delineation of all tree elements
(isolated trees, hedges ...)
* 10-30 minutes / tiles
* 2 operators per tile
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Past forest maps

U-Net architecture [Ronneberger et al. 2015]:
» pre-trained encodeur (MobileNet-v2)
» U-Net + scSE (attention mechanism; Roy et al. 2018)

Protocol:

» Applied to both datasets coarse vs.fine

P 3259 tiles (train/validation) and 225 (test) tiles

» Geometric data augmentation and contrast enhancement

[D. Sheeren et al., 2023]

[aSTI



REPUBLIQUE I( : N
FRANGAISE

Fraternité

Past forest ma o} [D. Sheeren et al., 2023]

U-Net architecture [Ronneberger et al. 2015]:
» pre-trained encodeur (MobileNet-v2)
» U-Net + scSE (attention mechanism; Roy et al. 2018)

Protocol:

» Applied to both datasets coarse vs.fine

» 3259 tiles (train/validation) and 225 (test) tiles

» Geometric data augmentation and contrast enhancement

Performance evaluation according to the number of tiles:
P coarse-scale: F-score from 66.6% (n=750) to 69.9% (n=3250)
P fine-scale: F-score from 64.8% (n=750) to 72.6% (n=3250)

:
o = o =
= w o
- 0 - O
x = x =
w w
o 0
o o 927 % O 2 204 %

= =

MNon-tree Triee Mon-tree Tree

PREDICTED PREDICTED
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Past forest maps

F-score (%)

ICN

[D. Sheeren et al., 2023]

Performance depends on the kind of tiles:
P decrease for small objects
P better for fine-scale labelling (+7 a +15% F-score difference)

» quality more important than quantity

100

79.
70.7
1 I I
D I
I

Fine-scale labelling Coarse-scale labelling

97.4 95.8 97.1 98.5 | 100 |- 95.7 E;/?;I 9;1/.1 .

% Y% Y

| 56.8 S Z é é
395 | 5 50 % ;;:: 7

’ / /% 24.1%

- / / ohte /
I 1 7 1 1 &

tous types mixte haies arbres indiv tous types mixte haies arbres indiv

Br tree non tree B@ tree %~ nontree
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Past fo rest maps [D. Sheeren et al., 2023]

Coarse-scale labelling Fine-scale labelling
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RETRIEVING PAST LAND COVER

puEiAs Contents lists available at Sciencellirect

Ecological Indicators

journal homepage: www.elsevier.comdlocatede colind

Original Articles
Textural indices of aerial images reveal urban landscapes temporal
dynamics and their effects on plants and birds

Suzie Derminon ™, Francois Chiron *, Audrey Muratet b, Pierre-Alexis Herrault ®

" Unbeersite Paris-Saclay, CNRS, AgroParisTech, Ecologie Systematique et Bvokution, 97190 Gif ae Yeeme, Pronce
b Labomitotre fmage Vil Emiromnemens (1IVE), CNRS, Unfeersity of Sroshourg, Smashourg, Pramce

[aSTI



Past land cover [S. Derminon et al., 2024]

Performance of texture-based Performances for past data Ecological case studies

model for present [2015) (1966, 1976, 1986 & 2000) Effects of present and past years

1. Inputs for year 2015 4. Inputs for past years 7. Inputs

Texture-based 1 Baodhersity metrcs
Lrelscape mednes
2015 BEW phwotos 2015 Lard cover map Past BEW mm Past Land cover map i, a'
- Tl e E
1.‘!'?E

T L G -I'E &y

ql.ll".l [ T '.|Il|

10 tesbure matrics 3 landscape metrics 10 besrbure matrics 2 |lanchaape metricy Kol datin -..H:I:l-p::l. e
r varficotion) ¥
(e o3 refenance) {used for va ] iomir. &
2. Selections of best texture-basad modsls 5. Application of 2015 bast ! !

E / - E | ] texture-based models to past data B E Y A E :;;: . ﬂ
ﬁLm ® » s / N ElfJ for each year & 8=\
L % &

- 2
Best lingar modals  Best non linear modks T ~ Gh w6
e 05 IRSG L
3. Predicthee power of best modals 6. Verification of the models’ predictive
power 8. Full modal combining all selectad variaklas
Training [#s data 4 -@.f.ﬂ. 'ﬁ' h@
Berformance st [10% dama) Tradning | 7% data) E JUR% DO00 1IHE um
l. Perlorirarss Lesl | 30% dats) +

Selection of 1 texture based model per Independent variance explained by
landdscape metric preseat and past landscape maTrics




Past land cover

B8 wistarical arshophotograph (Background)
Historical Land Cover data coverage

[ Random s=t of landscape windows
(N = d00)

Land Cover classes
Crops

B Low vegetation

Bl High vegetation

B Guilt area
Artiticialized non bt

0 Open water

Case study sites

[ Landscape wirdow with
In sivd bird data {N=45)

[ Landscape wirdaw with
i =it plant data [N = 35)

/Y] esne

[S. Derminon et al., 2024]

Strasbourg dataset



Past land cover [S. Derminon et al., 2024]

2000 2015

W goe

Raw image

Textural Representations:

Brightness
(18 gray levels)

GLCM Homogeneity

coocoo=
ok B h oo
AlauaBowoH IS

60
40
20

GLCM Contrast

15e1Uod JIAD

Vectorial Representation:

High vegetation and
built area land cover
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Past land cover [S. Derminon et al., 2024]

Built area % — Linear model

=
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LC SEMANTIC SEGMENTATION
CHANGE DETECTION [ TRANSFER LEARNING
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LC semantic segmentation

How to train a classifier?
— Diachronism between old images and available DB

Ortho-image 1981

i Batiments
Cultures

Il Végétation haute / forét
Routes

. Eau

- « Buffer » batiment

BD référence

2018
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LC semantic segmentation

How to train a classifier?
— Diachronism between old images and available DB

Tests with a U-net CNN

i Batiments

= S:gg::tslon e ot — Results_ vary accgrdi_ng to the c_Iistribution
Routes of training / validation / test tiles

M ca

- « Buffer » batiment
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LC semantic segmentation

How to train a classifier?
— Diachronism between old images and available DB

i Batiments
Cultures

Il Végétation haute / forét
Routes

. Eau

- « Buffer » batiment

Errors mostly occur on training tiles...
= overfitting
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LC semantic segmentation

How to train a classifier?
— Diachronism between old images and available DB

i Batiments
Cultures

Il Végétation haute / forét
Routes

. Eau

- « Buffer » batiment

Improvement using a CNN ensemble.
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How to train a classifier?
— Diachronism between old images and available DB

Why not detecting coarsely change to eliminate the very changed parts of the dataset ?

Train a siamese network (shared weights) to (try to) detect changed patches using the whole
~30 dates image dataset.

— Generate pairs of date t1 / date t2 image patches
either at a same location (non change), or at two (randomly) distinct location (change)

[aSTI



LC semantic segmentation

How to train a classifier?

— Diachronism between old images and available DB
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How to train a classifier?
— Diachronism between old images and available DB

Why not detecting coarsely change to eliminate the very changed parts of the dataset ?

Very coarse (wanted and unwanted) change are detected.
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semantic segmentation

How to train a classifier?
— Diachronism between old images and available DB

Why not detecting coarsely change to eliminate the very changed parts of the dataset ?

Very coarse (wanted and unwanted) change are detected.

The change score is then introduced to weight the pixel contribution to the loss
when fine tuning a semantic segmentation on an old image. [Ongoing work]
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LC semantic segmentation

How to train a classifier?

— Diachronism between old images and available DB

S tesm

Why not detecting coarsely change to eliminate the very changed parts of the dataset ?

Very coarse (wanted and unwanted) change are detected.

The change score is then introduced to weight the pixel contribution to the loss
when fine tuning a semantic segmentation on an old image. [Ongoing work]

NB: a

investigated within the project [Fernandez Garcia et al., 2023]

more elaborate change detection strategy has been

— to also be tested
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LC semantic segmentation

1993 image superimposed with 2023 IGN COSIA LC product (used as reference LC DB)
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LC semantic segmentation

p—

1993 image superimposed with 2023 IGN COSIA LC product (used as reference LC DB)
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LC semantic segmentation

= o T
b

Coarse change map based weight
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LC semantic segmentation

=

1993 image superimposed with obtained (only image based) LC inference
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LC semantic segmentation

D, - W

1993 image superimposed with obtained (only image based) LC inference (only for training tiles)



LC semantic segmentation

How to train a classifier?
— Diachronism between old images and available DB

Why not detecting coarsely change to eliminate the very changed parts of the dataset ?

Interesting results...

but still limited for rare classes (orchards, vineyards) that have changed more than expected along time...

Perspective: try to simulate "old" images out of recent ones



EX
REPUBLIQUE
FRANCAISE

Liberté
Egalité
Fraternité

[aSTI

JICU3E 1N

- " -'!—'_-,!.ﬂ

=KERMAP

‘afnaud.le-bris@

/n

Image
Yille
Emvirgnnament

ICN

INSTITUT NATIONAL
DE L'INFORMATION
GEOGRAPHIQUE
ET FORESTIERE



mailto:arnaud.le-bris@ign.fr

	Diapo 1
	Diapo 2
	Diapo 3
	Diapo 4
	Diapo 5
	Diapo 6
	Diapo 7
	Diapo 8
	Diapo 9
	Diapo 10
	Diapo 11
	Diapo 12
	Diapo 13
	Diapo 14
	Diapo 15
	Diapo 16
	Diapo 17
	Diapo 18
	Diapo 19
	Diapo 21
	Diapo 22
	Diapo 23
	Diapo 24
	Diapo 25
	Diapo 27
	Diapo 28
	Diapo 30
	Diapo 31
	Diapo 32
	Diapo 33
	Diapo 34
	Diapo 35
	Diapo 36
	Diapo 37
	Diapo 38
	Diapo 39
	Diapo 40
	Diapo 47
	Diapo 48
	Diapo 49
	Diapo 50
	Diapo 53
	Diapo 54
	Diapo 55
	Diapo 56
	Diapo 57
	Diapo 58
	Diapo 59
	Diapo 62
	Diapo 63
	Diapo 64
	Diapo 65
	Diapo 66
	Diapo 67
	Diapo 68
	Diapo 69
	Diapo 70
	Diapo 71
	Diapo 72
	Diapo 73
	Diapo 74
	Diapo 75
	Diapo 76
	Diapo 81
	Diapo 82
	Diapo 84
	Diapo 85
	Diapo 86
	Diapo 87
	Diapo 88
	Diapo 89
	Diapo 90
	Diapo 91
	Diapo 92
	Diapo 93
	Diapo 94
	Diapo 95
	Diapo 97
	Diapo 98
	Diapo 99
	Diapo 100
	Diapo 101
	Diapo 102
	Diapo 103
	Diapo 104
	Diapo 105
	Diapo 106
	Diapo 107
	Diapo 108
	Diapo 109
	Diapo 110
	Diapo 111
	Diapo 112
	Diapo 113
	Diapo 114
	Diapo 115
	Diapo 116
	Diapo 117
	Diapo 118
	Diapo 119
	Diapo 120
	Diapo 121
	Diapo 122
	Diapo 123
	Diapo 124
	Diapo 125
	Diapo 126
	Diapo 127
	Diapo 128
	Diapo 129
	Diapo 130
	Diapo 131
	Diapo 132
	Diapo 133
	Diapo 134
	Diapo 135
	Diapo 136
	Diapo 137
	Diapo 138
	Diapo 139
	Diapo 140
	Diapo 141
	Diapo 142
	Diapo 143
	Diapo 144
	Diapo 145
	Diapo 146
	Diapo 148

