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Extended Materials 
 

 
 

Extended data | Fig. 1. Performance comparison between separate models trained using different spectral band 

compositions. Evaluation on the whole testing data using the models described in Extended Table 1. Here, 𝑅2 represents the 

coefficient of determination defined by 𝑅2 = 1 −
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. a, Individual tree crown segmentation examples from 

deciduous forest and coniferous forest, overlaid with the manual delineations (thin blue lines). b, Tree counting examples from 
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deciduous forest and coniferous forest, overlaid with the manual delineations (thin blue lines). c, Evaluation of the tree count 

predictions. Here, each scatter point in the plots represents a sampling image of varying size. d, Evaluation of the tree crown 

area predictions at individual-tree-level accuracy. 

 

Extended data | Table 1. Performance comparison between separate models trained using different spectral band 

compositions. Model M2 was trained using canopy height maps predicted from aerial images. Here we consider three metrics: 

the dice coefficient and the relative error for individual tree crown area and tree count predictions. 

Model Band composition  Dice coefficient 
Tree count 

relative error 

Tree crown area 

relative error 

M1 RGB + NIR + NDVI + CHM 0.76 2.0% 24.6% 

M2 RGB + NIR + NDVI + CHM (prediction) 0.73 4.2% 26.5% 

M3 RGB + NIR + NDVI 0.76 17.8% 22.4% 

M4 RGB + NIR 0.75 16.4% 26.6% 

M5 RGB 0.73 17.3% 28.2% 

M6 GB + NIR  0.73 7.0% 28.2% 

M7 NIR 0.71 13.9% 29.7% 

 

 



 3 

Extended data | Fig. 2. Performance comparison between separate models trained using different between-crown gap 

penalty weights. Evaluation on the whole testing data. a, Comparison of evaluation scores using separate models. b, Individual 

tree crown segmentation examples from deciduous forest and coniferous forest. c, Evaluation of the tree count predictions. 

Here, the tree count was derived by enumerating the segmented individual tree crowns. d, Evaluation of the tree crown area 

predictions at individual-tree-level accuracy. 
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Extended data | Fig. 3. Performance comparison between separate models trained using different Gaussian kernel 

parameters, including kernel size and sigma. Evaluation on the whole testing data. a, Comparison of evaluation scores using 

separate models. b, Tree counting examples from deciduous forest and coniferous forest. c, Evaluation of the tree count 

predictions. d, Evaluation of the tree crown area predictions at individual-tree-level accuracy. 
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Extended data | Fig. 4. Performance comparison between the multi-task model (MT) and the single-task model (ST). 

Evaluation on the whole testing data. The multi-task model contained two output branches designed for the counting and 

segmentation tasks, respectively. The single-task model produced only the crown segmentation results which, by post-

processing, yielded the tree counts. a, Comparison of evaluation scores using separate models. b, Tree counting examples from 

deciduous forest and coniferous forest. c, Evaluation of the tree count predictions. d, Evaluation of the tree crown area 

predictions at individual-tree-level accuracy. 
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Extended data | Fig. 5. Evaluation of individual tree height prediction, with and without bias correction. a, Absolute 

errors of the individual tree height prediction, grouped in 5 m height intervals, with the predicted and reference height 

distributions in the background (same as Fig. 4c). b, Absolute errors of the individual tree height prediction without correction 

of the bias parameter. c, Mean squared errors of the individual tree height prediction, decomposed into squared bias and mean 

squared variation. d, Mean squared errors of the individual tree height prediction without correction of the bias parameter. 
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Extended data | Fig. 6. Comparison of the total forest tree count with the Danish NFI statistics. The tree counts were 

grouped into 2 m height groups.  
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Extended data | Fig. 7. Comparison of the tree crown cover with the Copernicus tree cover map 1 and the global forest 

change map 2. Here, 𝑟2 represents the squared Pearson correlation coefficient. a, Examples from forest and non-forest areas. 

Here, the percentage tree cover is shown in green colors. The losses are shown in red colors with higher values denoting losses 
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in more recent years (starting from 2000) and the gains are shown in blue. b, Country-wide comparison of the predicted crown 

area with the Copernicus tree/crown cover for deciduous, coniferous, non-forest, and overall. Here, each point in the scatter 

plot represents a zone in Denmark. c, Examples comparing the manually delineated individual tree crowns (thin blue lines) 

and the Copernicus tree cover map for deciduous and coniferous forest. d, Comparison between the delineated crown area and 

the Copernicus crown area using the whole training dataset. 

 

Extended data | Table 2. Comparison between total tree crown area in Denmark obtained from our results and the 

Copernicus tree cover map (2018)  1. 

 

Forest/Landscape type 1 

Total tree crown area (ha) 

Ours Copernicus map 

Deciduous forest 233,720 348,529 

Coniferous forest 92,352 187,388 

Non-forest 141,186 70,118 

Total 467,257 606,035 
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Extended data | Fig. 8. Performance enhancement in Finland via transfer learning. Comparison between results obtained 

using the original model trained with data from Denmark and the fine-tuned model trained with extra data from Finland. a, 

Large-scale examples showing the counting, crown segmentation, and height prediction results from the original model and 

the fine-tuned model. b, Detailed examples showing the results from the original model and the fine-tuned model. 
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Supplementary materials 

 

Supplementary data | Fig. 1. Location of the training and testing data for the individual tree counting and crown 

segmentation model. a, Individual tree crown delineations used for training the neural network, containing 19,771 individual 

trees in 75 sample plots of various sizes. b, Individual tree crown delineations used for evaluating the neural network after 

training, containing 2,679 individual trees in 25 sample plots of varying sizes.  

 

 

Supplementary data | Fig. 2. Location of the training and testing data for the canopy/tree height prediction model. a, 

Data used for training the neural network, containing 4.5 k ha of aerial images and canopy height maps from deciduous forest, 

4.5 k ha from coniferous forest, and 0.3 k ha from non-forest areas. b, Randomly sampled data used for evaluating the neural 
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network after training, containing 1 k ha of aerial images and canopy height maps from deciduous forest, coniferous forest, 

non-forest areas, respectively. 

 

 

Supplementary data | Fig. 3. Large-scale examples showing the individual tree crown segmentation results colored by 

height predictions.  

 

 

Supplementary data | Fig. 4. Location of the training and testing data for transfer learning in Finland. a, Individual tree 

crown delineations used for fine-tuning the pre-trained counting and crown segmentation model, containing 4,773 individual 

trees in 19 sample plots of varying sizes. b, Aerial images and the corresponding canopy height maps (10.7 k ha) used for fine-

tuning the pre-trained canopy height prediction model. c, Aerial images and the corresponding canopy height maps (21.7 k ha) 

used for evaluating the individual tree height predictions. 
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Supplementary data | Fig. 5. Illustration of the self-thinning phenomena for dense forests. a, Tree density (number of trees 

per hectare) against tree crown area for deciduous forest. b, Tree density against tree crown area for coniferous forest. 

 

 

Supplementary data | Fig. 6. Correction of tree crown area predictions using linear regression. Here, 𝑅2 represents the 

coefficient of determination defined by 𝑅2 = 1 −
∑ (𝑦𝑖−�̂�𝑖)
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. a, Linear regression (y = ax + b) fitted on the predicted crown 

area (y) and the reference crown area (x) for deciduous, coniferous, and non-forest trees, respectively. b, Predicted crown area 

(without correction) against reference crown area for three forest/landscape types 1. c, Corrected crown area against reference 

crown area.  
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Supplementary data | Fig. 7. Correction of tree height predictions using second-degree polynomial regression. a, 

Polynomial regression (y = ax2 + bx + c) fitted on the predicted height (y) and the reference height (x) for deciduous, coniferous, 

and non-forest trees, respectively. b, Predicted height (without correction) against reference height for three forest/landscape 

types 1. c, Corrected height against reference height.  

 

 

Supplementary data | Fig. 8. Spatial mismatch between the aerial images and the LiDAR derived canopy height maps.  

 

Supplementary data | Table 1. Neural network architecture of the tree counting and crown segmentation model. 

Model 1: Tree counting and crown segmentation 

Layer 

No. 
Layer details Output shape 

Layer 

No. 
Layer details Output shape 

L0 Input  (256, 256, D) L15 Self-attention Concat (L14, L11) (32, 32, 1536) 

L1 Conv2d (64, 3) + Relu (256, 256, 64) L16 Conv2d (512, 3) + Relu (32, 32, 512) 

L2 Conv2d (64, 3) + Relu + BN (256, 256, 64) L17 Conv2d (512, 3) + Relu + BN (32, 32, 512) 
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L3 MaxPooling2d (128, 128, 64) L18 Self-attention Concat (L17, L8) (64, 64, 768) 

L4 Conv2d (128, 3) + Relu (128, 128, 128) L19 Conv2d (256, 3) + Relu (64, 64, 256) 

L5 Conv2d (128, 3) + Relu + BN (128, 128, 128) L20 Conv2d (256, 3) + Relu + BN (64, 64, 256) 

L6 MaxPooling2d (64, 64, 128) L21 Self-attention Concat (L20, L5) (128, 128, 384) 

L7 Conv2d (256, 3) + Relu (64, 64, 256) L22 Conv2d (128, 3) + Relu (128, 128, 128) 

L8 Conv2d (256, 3) + Relu + BN (64, 64, 256) L23 Conv2d (128, 3) + Relu + BN (128, 128, 128) 

L9 MaxPooling2d (32, 32, 256) L24 Self-attention Concat (L23, L2) (256, 256, 192) 

L10 Conv2d (512, 3) + Relu (32, 32, 512) L25 Conv2d (64, 3) + Relu (256, 256, 64) 

L11 Conv2d (512, 3) + Relu + BN (32, 32, 512) L26 Conv2d (64, 3) + Relu + BN (256, 256, 64) 

L12 MaxPooling2d (16, 16, 512) L27A Conv2d (1, 1) + Linear (256, 256, 1) 

L13 Conv2d (1024, 3) + Relu (16, 16, 1024) L27B Conv2d (1, 1) + Linear (256, 256, 1) 

L14 Conv2d (1024, 3) + Relu + BN (16, 16, 1024)    

# Trainable parameters: 31,909,734 

 

Self-attention block (e.g., L15) 

Layer No. Layer details Output shape 

A1 UpSampling2d (L14) (32, 32, 1024) 

A2 Conv2d (256, 1) (L11) (32, 32, 256) 

A3 Conv2d (256, 1) (A1) (32, 32, 256) 

A4 Add (A2, A3) + Relu (32, 32, 256) 

A5 Conv2d (1, 1) (A4) + Sigmoid (32, 32, 1) 

A6 Multiply (A5, L11) (32, 32, 512) 

A7 Concatenate (A6, A1) (32, 32, 1536) 

 

Supplementary data | Table 2. Neural network architecture of the tree counting and crown segmentation model with 

multi-resolution input layers. 

Model 1v (Multi-resolution inputs): Tree counting and crown segmentation 

Layer 

No. 
Layer details Output shape 

Layer 

No. 
Layer details Output shape 

M0-0 Input 1 (256, 256, D1) M17 Conv2d (1024, 3) + Relu (16, 16, 1024) 

M0-1 Conv2d (64, 3) + Relu (256, 256, 64) M18 Conv2d (1024, 3) + Relu + BN (16, 16, 1024) 

M0-2 Conv2d (64, 3) + Relu + BN (256, 256, 64) M19 Self-attention Concat (M18, M15) (32, 32, 1536) 

M0-3 MaxPooling2d (128, 128, 64) M20 Conv2d (512, 3) + Relu (32, 32, 512) 

M1-0 Input 2 (128, 128, D2) M21 Conv2d (512, 3) + Relu + BN (32, 32, 512) 

M1-1 Conv2d (64, 3) + Relu (128, 128, 64) M22 Self-attention Concat (M21, M12) (64, 64, 768) 

M1-2 Conv2d (64, 3) + Relu + BN (128, 128, 64) M23 Conv2d (256, 3) + Relu (64, 64, 256) 

M7 Concatenate (M0-3, M1-2) (128, 128, 128) M24 Conv2d (256, 3) + Relu + BN (64, 64, 256) 

M8 Conv2d (128, 3) + Relu (128, 128, 128) M25 Self-attention Concat (M24, M9) (128, 128, 384) 

M9 Conv2d (128, 3) + Relu + BN (128, 128, 128) M26 Conv2d (128, 3) + Relu (128, 128, 128) 

M10 MaxPooling2d (64, 64, 128) M27 Conv2d (128, 3) + Relu + BN (128, 128, 128) 

M11 Conv2d (256, 3) + Relu (64, 64, 256) M28 Self-attention Concat (M27, M0-3) (256, 256, 192) 

M12 Conv2d (256, 3) + Relu + BN (64, 64, 256) M29 Conv2d (64, 3) + Relu (256, 256, 64) 

M13 MaxPooling2d (32, 32, 256) M30 Conv2d (64, 3) + Relu + BN (256, 256, 64) 

M14 Conv2d (512, 3) + Relu (32, 32, 512) M31A Conv2d (1, 1) + Linear (256, 256, 1) 

M15 Conv2d (512, 3) + Relu + BN (32, 32, 512) M31B Conv2d (1, 1) + Linear (256, 256, 1) 

M16 MaxPooling2d (16, 16, 512)    

# Trainable parameters: 32,021,158 
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Supplementary data | Table 3. Neural network architecture of the canopy height prediction model. 

Model 2: Canopy height prediction 

Layer 

No. 
Layer details Output shape 

Layer 

No. 
Layer details Output shape 

L0 Input (256, 256, D) L13 Conv2d (1024, 3) + Relu (16, 16, 1024) 

L1 Conv2d (64, 3) + Relu (256, 256, 64) L14 Conv2d (1024, 3) + Relu + BN (16, 16, 1024) 

L2 Conv2d (64, 3) + Relu + BN (256, 256, 64) L15 Self-attention Concat (L14, L11) (32, 32, 1536) 

L3 MaxPooling2d (128, 128, 64) L16 Conv2d (512, 3) + Relu (32, 32, 512) 

L4 Conv2d (128, 3) + Relu (128, 128, 128) L17 Conv2d (512, 3) + Relu + BN (32, 32, 512) 

L5 Conv2d (128, 3) + Relu + BN (128, 128, 128) L18 Self-attention Concat (L17, L8) (64, 64, 768) 

L6 MaxPooling2d (64, 64, 128) L19 Conv2d (256, 3) + Relu (64, 64, 256) 

L7 Conv2d (256, 3) + Relu (64, 64, 256) L20 Conv2d (256, 3) + Relu + BN (64, 64, 256) 

L8 Conv2d (256, 3) + Relu + BN (64, 64, 256) L21 Self-attention Concat (L20, L5) (128, 128, 384) 

L9 MaxPooling2d (32, 32, 256) L22 Conv2d (128, 3) + Relu (128, 128, 128) 

L10 Conv2d (512, 3) + Relu (32, 32, 512) L23 Conv2d (128, 3) + Relu + BN (128, 128, 128) 

L11 Conv2d (512, 3) + Relu + BN (32, 32, 512) L24 Conv2d (1, 1) + Linear (128, 128, 1) 

L12 MaxPooling2d (16, 16, 512)    

# Trainable parameters: 31,755,780 
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