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Previous studies using CNN detected tree 
individuals in relatively simple 
environments (plantations, urban areas)

Studies targeting forest tree species 
relied on more sophisticated sensors 
(hyperspectral / LiDAR), intensive 
preprocessing, or few species

Consumer-grade UAVs enable easy and 
low-cost acquisition of very high-resolution 
RGB data

→ Research question: Is RGB imagery 
sufficient to accurately map tree species in 
heterogeneous forests? 

24.03.20212 Introduction
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Study area

Material and methods

Southern Black Forest:

• 47 1ha plots within 

ConFoBi project

• In a mountain 

range between 120 

and 1,492 m a.s.l.

• Mixed and 

coniferous forests

• Full forest 

inventory (species, 

DBH)

Hainich National Park:

• 4 1ha plots within 

Biodiversity 

Exploratories

• NP on a ridge 

between 225 and 

494 m a.s.l.

• Unmanaged mixed 

deciduous forests

• Full forest 

inventory (species, 

DBH, height, stem 

position)
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Tree species

Material and methods

Area-related 

share of the 

class in the 

dataset [%]

Occurrence 

of class in 

number of 

sites

Picea abies 32,97 45

Fagus sylvatica 29,80 46

Abies alba 10,91 37

Pseudotsuga menziesii 3,89 12

Pinus sylvestris 3,59 19

Acer spp. 2,33 23

Fraxinus excelsior 1,01 14

Larix decidua 0,98 19

Quercus spp. 0,88 10

Carpinus betulus 0,39 4

Tilia spp. 0,24 4

Betula pendula 0,20 8

Forest floor 11,79 50

Deadwood 0,95 44
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UAV data

Material and methods

RGB

nDSM

- 51 plots

- 2017 and 2019
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Visual interpretation

Material and methods

Acquisition of in-situ data costly, time- and 
labor-intensive

Not subject to geolocation errors of GNSS-
measurements (especially under dense 
canopies)

Spatially explicit link from in-situ data with 
targeted variable difficult (e.g., tree stems 
and crowns)
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512 px 256 px 128 pxRGB RGB + nDSM

Additional height information Different tile sizes

Research questions

Material and methods
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2 cm 4 cm 8 cm 16 cm 32 cm

Different spatial resolutions

Research questions
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CNN-architecture: U-Net

Material and methods

Adapted U-net architecture from

Ronneberger et al., 2015. Medical Image Computing and Computer-

Assisted Intervention – MICCAI 2015. https://doi.org/gcgk7j 

contracting path expanding path
Block1 Block9
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Implementation
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Material and methods
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Operating principle
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Material and methods

Convolutional filter

ReLU

Activation

Batch

norm

Max-pooling
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1. Draw batch of samples x and 
corresponding targets y

2. Run CNN on x to obtain 
y_pred

3. Compute mismatch between 
y_pred and y → “loss”

4. Compute gradient of the loss

5. Adjust parameters in 
opposite direction from 
gradient

→ “gradient descent”

24.03.202112

Model training

Material and methods
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Data splitting + Accuracy assessment

Material and methods

Test
10%

+1 plot

90% Validation
25%

Training
75%
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Results

Results
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Results

Results
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Filter visualizations
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Results

early CNN blocks late CNN blocks
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Results

Results

RGB Reference data Prediction
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Model performance

Comparable with literature, but instead of hyperspectral or 
LiDAR data only RGB-imagery

No feature engineering and no tree segmentation or localization 
steps prior to model inference required → end-to-end learning

24.03.202121

Key findings

Key findings

Additional height information

No consistent positive effect → other studies even report 
negative effects

Additional computational cost

Terrain model required
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Spatial resolution

Very-high spatial resolution essential → key role for UAVs in 
remote sensing-based forest assessment

Smaller share decreased accuracies (even with species 
weighted loss function)

Except deadwood (prominent features)

24.03.202122

Key findings

Key findings

Tile size

With smaller tiles rare species larger in tile, thus contribute more; 
with large tiles lost in surrounding species

Except for classes that feature distinct characteristics (L. decidua 
and deadwood)

CNN suffer from edge effects → If enough reference data larger tile 
size preferred

…
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Transfer learning: already trained CNN can be updated 
and refined for specific use-case

Universal models: one model trained over a variety of 
landscapes and many species

Large synergies of UAV (high-resolution) + CNN (harness 
spatial detail) → implications for ecological research

Next steps:

use CNN predictions as reference for satellite-scale models

Alternative applications, e.g. biomass

24.03.202123

Future directions

Future directions


