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Introduction: Why use 3d data in forestry ?

Wide availability of open-data
Cf all european data open-access

Enables tasks previously hard:

Segmentation

Biomass estimation

Species

Calibration of space-based models
etc.

(a) (b)

Calders et al. 2024
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Introduction: Why use 3d data in forestry ?

ALS-like data

Step 1: Top of canopy detection
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Step 2: Tree extraction

TLS: reference trees

Tree attributes

Tree ID
Species

Tree position
Tree height
Crown radius
Crown direction

Matching o r
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Crown direction
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Tree attributes

Li et al 2024
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TLS-like data
Step 1: Trunk detection
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Initial trunk detection based on DBSCAN

Step 2: Tree extraction
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Segmentation results

Chen et al 2024




Introduction: Why use 3d data in forestry ?

TLS-like data
Using full 3d data

ALS-like data
From 3d data to Height model
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Li et al 2024.

All supervised learning...
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Introduction: Why use 3d data in forestry ?

... but with which dataset ?

[V{SOQ ,q & From the largest dataset of tree crowns (280k):

“Since we do not have ground truth for the
data, there is some inherent subjectivity in
the labels [...] we advise that they be used
for open canopy tree mapping only. [...]
We make it quite explicit that our model
does not delineate dense groups of trees
that are touching (closed canopy). [...] you
should not use our models for things like

tree counting in closed canopy forest.”
Veitch-Michaelis et al. 2024




Our work: Overview for a self-supervised
individual tree segmentation method

Step 1: Create (a) good 3d tree prototype(s)
Dataset and method
Downstream tasks
Comparison with other methods

Step 2: Fit the prototype(s) on the Lidar
(work in progress)
Method only




|l. The prototypes: Dataset

For-Species 20K

@ Datasets

Number of tree species
BNo-14
W 1.4-34
Il 3.4-5
[15-68
[16.8-20

Number of trees
690

2486

O
L

Picea abies

5

Puliti et al. 2024

Species
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Pinus sylvestris
Fagus sylvatica
Picea abies
Carpinus betulus
Acer campestre
Quercus faginea
Betula pendula
Pseudotsuga menziesii
Acer pseudoplatanus
Pinus nigra

Tilia cordata
Quercus petraea
Pinus contorta
Quercus ilex
Eucalyptus miniata
Ulmus laevis
Crataegus monogyna
Quercus robur

Pinus resinosa

Picea glauca
Quercus rubra
Fraxinus excelsior
Abies alba

Acer saccharum
Populus tremuloides
Fraxinus angustifolia
Euonymus europaeus
Pinus pinaster

Pinus radiata

Larix decidua
Populus deltoides
Corylus avellana
Prunus avium
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]
l. The prototypes: Method (Model)

What we dq... e K=1(one prototype)

e D=5 (5 types of
deformations)

e Train one model for all
species (for now)

e Additional transfo:

Anisoscaling, rot Euler

2d

N_proto = 2000

Y

What we minimise... How we do...
K
— i k D
L(R) wex;w min d (z, R*(z)) RE(2) = + 3 arat
=1

Loiseau et al. 2021




l. The prototypes: Reconstruction

D=1 D=2 D=3 D=4
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. a) Downstream task: Volume estimation

The contenders of our method
Allometric equations Deep regressor

Model 1 (m1): V = Ag D%
Model 2 (m2): V = By Db1Hb2

Model 3 (m3): V = Co Dt H2 CASs.

Pros: Very good precision Pros: Easy, can have a biomass Pros: Good precision
Cons: Slow (2 m 30s per cloud), Vvalue from CA and H only Cons: In the next slide...
need consequent storage Cons: Underestimation of big

trees, not so reliable...
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. a) Downstream task: Volume estimation

Comparison
Exp name ForSpecies20k | Volume data
(Calders)

100% X%
Ours (no transfer) NA X%
Deep regressor NA x%

NA X%

NA X%

Prediction scores
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. -
. b) Downstream task: Species prediction

methods
Ours (modified) Classifier

Contrastive loss between the a

Class




. b) Downstream task: Species prediction

tSNE_O

aux_truth
quercus_petraea
quercus_faginea
quercus_robur
quercus_rubra
quercus_ilex
pinus_sylvestris
fagus_sylvatica
pinus_pinaster
pinus_nigra
picea_abies
pseudotsuga_menziesii
larix_decidua
abies_alba

Comparison

Method

Ours (D=5)

Classifier

OA

0.67

0.7

¢ Best class F1

0.86

0.79




Il. Fitting of the prototypes
Learnable Earth Parser

Epoint

X110 f—Lyg
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Loiseau et al 2024
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Il. Fitting of the prototypes (Work in progress)
Learnable TREE Parser
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Warning: not real
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Conclusion

We developed an new alternative to QSMs
Can be applied on large scale (low storage, low latency)
Keep gross structure of tree
Can be used to extract a estimation of the tree specie
We are developing a large scale use of these prototypes
So we can extract single tree from point cloud in an unsupervised way
While keeping essential individual tree info
LAI, Specie, Biomass, etc.
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Thank you !!




