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1.Eksisterende treeer i Kgbenhavn skal som hovedregel bevares

2 Eksisterende trxeer, der feldes, skal erstattes, medmindre det ikke er fysisk
a1 muligt
3 Der skal plantes flere treeer i Kgbenhavn

¥ 4.Der skal sikres gode vaekstvilkar for bade nye og eksisterende traeer |
K¢benhavn

’5

. 5.Der skal 5|kres et varieret traeartsvalg | K¢benhavn
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In 1959, Arthur Samuel, a pioneer in the field of machine learning (ML) defined it as the: “field of

study that gives computers the ability to learn without being explicitly programmed”.
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Linear Discriminant Analysis

Manifold
Learning

Forward Feature
Construction

Principal Component

vei Neural
Analysis Network
DBSCAN algorithm
Gaussian Mixture Model
K-means
algorithm
Machine
Hierarchy clustering .
Learning

Neural Network

Reinforcement
Learning

Policy-based
algorithms

Neual
Network
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K-Nearest neighbours

Naive

Logistic regression
Bayes

Support-Vector
Machines

Random Forest
Decision tree

Support-Vector
Regression

Ridge regression

Neural Network

Value-based
algorithms
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Al is the simulation of

numan ntelgence by MACHINE LEARNING (ML)

machines (computer

systems) ML enables computers to
learn from data and make
decisions or predictions
without being explicitly
programmed
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Highly Interpretable Models:
- Linear and smooth relationships
- Easy to compute

» (Classification rules

« Regression Models

* Decision Trees
* Graphical Models

» Support Vector
Machines

Highly Accurate Models: * Ensemble Methods e.g. RF

- Non-Linear relationships .
- Long computation time

Neural Networks
/ Deep Learning

Accuracy/Generalizability
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Segmentation

18

building mask

Backbone:
EfficientNet-B4

47°12'18"N

Pa lidt storre
afstand
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h I Boreal zone, rRMSE:21.7 %, RMSE:4.33 m, MAE:3.39 m . .
25 0 Temparate zone, rAMSE: 27.8 %, AMSE:5.06 m, MAE:3.7 m Al |O[ | |etr|5k fu N kt|on fra
20 I Mediterranean zone, rAMSE:32.2 %, RMSE:6.44 m, MAE:S5.29 m
N _ NFI data.
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A Forestcover %

0-15 Total tree cover Tree cover outside Total biomass Tree biomass outside
15-30
e 30-45 Country (% of country) forests (% of total) inTg forests in Tg (% of total)
Em 45-60
B 60-75
Ireland 10.5% 19.7% 36.65 3.24 (8.8%)
United 14.1% 22.1% 264.29 26.29 (9.9%)
1) 23 Kingdom
The 14.8% 24.6% 47.32 5.79 (12.2%)

Netherlands

ZZOGRE 3125

Denmark 16.9% 19.5% 63.47 4.74 (7.5%)

B TOF cover %

o5 Ukraine 20.1% 11.4% 1534.2 53.2 (3.5%)

e 10-15

B 15-20
- 20-25 France 34.6% 9.7% 2388.2 77.2 (3.2%)

0.39
0260.53
3.34

Germany 36.1% 10.0% 2264.3 65.4 (2.9%)
Italy 38.6% 7.5% 1501.3 37.6 (2.5%)
Estonia 50.3% 3.0% 259.3 2.7 (1.0%)

Finland 67.8% 1.7% 1726.2 9.76 (0.6%)

0.0
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19.771 manuelt
afgrensede treer

2,679 treer til
model-test

Tasks / Product:

Density map
Neural Network
— Task 1 + Tree count
Model 1 : * Tree location
o l 3 —|{NN|—Y/ ~_ o> 4
T o 1 1 s
¥ , ( Crown map
i o4 — I ; ,‘ | O
A r L f— / |
: ' Canopy heigrht map,,/ 1 Q Task 2 * Crown segmentation
g '3 : ~ " + Crownarea
Feature map (encoder) 1" " |\ |
Feature map (decoder I e (el
) B ) Zonal 95th height = tree height
Self-attention map
@  Attention gate Model 2 nopylheight map 0 Tiee helgh
- 3sm Y, e S
I — |NN| ——— Task 3 :
Q® ¢
0 ' C
NN S
End-to-end trainable Post-processing
Density map
beo e 0.01
- I 5o
Delineation — D = count
0
o
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0 50 km B Deciduous Coniferous Non-forest

1500
Trees / ha

Resultater

PNAS Nexus, Volume 2, Issue 4, April 2023, pgad076,
https://doi.org/10.1093/pnasnexus/pgad076



https://doi.org/10.1093/pnasnexus/pgad076

® KOBENHAVNS UNIVERSITET 25-11-2024 12

B
Forest/landscape Tree count Tree crown
type area (ha)
Deciduous forest 136,467,592 233,720 H
(43.7%) (50.0%) “
. ® dbh>0cm
Coniferous forest 85.023,211 92,352 (19.8%) ® o> iocm
(29.1%) @ coh>z0em
Nonforest 91,014,130 141,186
(27.2%) (30.2%)
Total 312,504,933 467,257 (100%)
(100%)

[NFI: 31, Ours: 28] [NFI: 54, Ours: 53] [NFI: 70, Ours: 67] [NFI: 43, Ours: 37]

Resultater

PNAS Nexus, Volume 2, Issue 4, April 2023, pgad076,
https://doi.org/10.1093/pnasnexus/pgad076

[NFI: 6, Ours: 15] [NFI: 7, Ours: 19] [NFI: 43, Ours: 6] [NFI: 97, Ours: 27]



https://doi.org/10.1093/pnasnexus/pgad076
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Helt teet pa

(c) Conifer only subplot with AGB of 150.59 Mgha~1!.
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data split:

A ftraining
m validation
# test

o T

il

40 cm

{a) Measurement sites (Danish MFI plots).

Field Measurements Deep Regression Model

Danish NFI using Point Clouds Map Creation
- Precise measurements of - Laveraging structural information of point clouds b
above-ground biomass and - No need for external data sources
wood volume - Outperforming methods based on summarizing statistics

- Limited scaleability

Learn from
target data

Predict on

Remote Sensin B, — ; =
ALS Point Cloud Data = unseenidat
- Covering large area 3 2

- Scaleable

Meget mere viden

Provide raw
point cloud

om treeer
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o linear

[ power

wm RF

[ PointNet

m KPConv
MSENet14
MSENet50
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(b) NFI: 0.86, linear: 7.67, RF: 6.01, KPConv: 0.95, PointNet: 6.94, power: 10,67, MSENet14: 0.89, MSENet50: 2.07

() NFL: 417.6, linear: 275.4, RF:

(d) NFI: 245.9, linear: 214.3, RF: 210.4, KPConv: 238.8, PointNet: 232.2, power: 218.6, MSENet14: 220.0, MSENet50: 249.7

& mf m
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NFI  linear RF  KPFConv PointMNet power MSENetld MSENethi

orig. 3360 363.90 361.15 33825 33587 30603 323.00 335.946
angm. - 33513 336.64 331.86 33587 28RS 32L.ET 335.31

(a) adding small trees to large tree plot

=

NFI  linear RF KPCony PointNet power MSENet14 MSENet50

orig. 4453 8287 TRTD 6664 5203 7313 5828 55,22
ang. 0560 17055 67.1% 5116 16446 6045 4202

(b) adding large trees to small tree plot
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| Vedmasse (kbm/ha)
# ® 0-50

50 - 100

100 - 200

200 - 300

300 - 400

400 - 500

500 - 600

600 - 750

750 - 1500

® ¢ @ O 0O O ¢ @

750 1.000 1.250 m

i Vedmasse (kbm/ha)
# ® 0-50

50 - 100

100 - 200

200 - 300

300 - 400

400 - 500

500 - 600

600 - 750

750 - 1500

e ¢ ® O 0O O ¢ @

Deep learning -

| virkeligheden

750 1.000 1.250 m
I T 00
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