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ÅFast, automatic detection of fallen 
ǘǊŜŜǎΣ ōƭƻŎƪŜŘ ǊƻŀŘǎΧ ƴŜŜŘŜŘ ŦƻǊ 
effective forest management 

ÅLarge affected areas 

ÅState of the art: Manual digitalization 

ÅChange detection using pre- and post 
storm imagery (active and passive 
systems) 

 

Ą CNNs only need one post-storm 
image 

 

 



Study area 

 

ÅBavaria (confidential area) 

ÅOver 2 million Festmeter of 
damaged trees during the last 
Thunderstorm in Bavaria (LWF 
aktuell 115) 



Data: airborne 

 

Å45 10,000x10,000px Orthophotos 
(RGB + NIR) 

Å20 cm spatial resolution 

Å10 for training (and validation) 

Å2 for testing 

ÅShapefile containing polygons 
around each damaged area, 
manually digitized by LWF (17,3 
km2 damaged area) 



Data: Planet dove 

 

ÅThree scenes of Planet Dove data 
(RGB + NIR), multitemporal after 
storm (August 2017) 

Å3m spatial resolution 

ÅVariable signal to noise ratio 

ÅSeparate labels derived from 
Planet data (7,9 km2 damaged 
area) 



Data:  Comparison of the label datasets 

 

Time after a storm  



Planet data 

1 2 

Final model Planet 

Final model airborne 

1 
2 

Transfer learning: 

 
ResNet34 
InceptionNet 
Χ 
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Tiling of the data 

256×256 pixel 
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Tiling of the data 

256×256 pixel 



Data augmentation: geometric and radiometric 

Example: Normal distribution ofrandom noise; sigma of 1.5; center at 0 



Model Setup: U-Net architecture (airborne) 
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Concatenate 

Concatenate 

256x256 

256x256 

(3,3) Convolution + ReLU 
 
Dropout 
 
Upconvolution (3,3) 

Max pooling 

64 64 

64 64 

64 64 64 64 

64 64 

64 64 

Hyperparameters: 
Å N° Blocks: 3 + 3 
Å N° Filters per Block: 128 
Å N° Trainable parameters: 482,881 
Å Learning rate: 0.001  

128x128 

64x64 64x64 

128x128 



Convolutional Neural Network 

Image Convolution 



Convolutional Neural Network 

Padding and Pooling 

Source: http://cs231n.github.io/convolutional-networks/ 
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Loss Function and Optimizer 
ÅLoss function: 
ÅMinimizing the cross entropy (and weighted cross entropy, damaged pixels only 0.5%) 

between the distribution of the prediction ώ = f(Y|X) and the ground truth Y: 
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ÅFilter initialization using the Normal distribution centered on 0 (Lecun_Normal) 

ÅOptimizer for weights updating: Adam (Adaptive Moment estimation) 
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‍ forgetting factor 

 



Gradient descent  

Source: https://missinglink.ai/guides/neural-network-concepts/backpropagation-neural-networks-process-examples-code-minus-math/ 
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Hyperparameters 
Architecture: (Lr = 0.001, 256 x 256)  

Tile size:  

Learning rate: 



U-net based Model 

Example for airborne data 



U-net based Model 

Excerpt of the Planet model. 

Note batch_norm layers and 
deeper structure (12 conv blocks 
in the encoder and decoder) 



Trained withΧ 

Å[w½Ωǎ ǎǳǇŜǊŎƻƳǇǳǘŜǊ 
P100 with 8 GPUs 

ÅNVIDIA DGX-1 
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Results 

Å Prediction of the damage using satellite images & with threshold of 0.05  
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Results 

Å Prediction of the damage using ortho images & with threshold of 0.67  

 



Planet data 

1 2 

Final model Planet 

Final model airborne 

1 
2 

Transfer learning: 

 
ResNet34 
InceptionNet 
Χ 

Upscaling to larger amounts of  
Data! 



Post-processing in model builder 
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Integration into ArcGIS Pro 

Å Prediction of the damage 

 

Å Smoothing of the prediction 

 

Å Conversion to polygons 

 

Å Elimination of small features 

 

Å Saving of the prediction 

 



Results Planet data 



Results Planet dove depending on label type 

Note difference in thresholds Ą class imbalnces, false positives 





Prediction: 

23.41 km² 

Labeling: 

17.35 km² 



Results airborne data 



Accuracy 
(T=0.58) 

86% 

IoU 0.71 

Prediction: 

1.04 km² 

Labeling: 

0.97 km² 







Transfer learning: VGG19 



Planet data 

1 2 

Final model Planet 

Final model airborne 

1 
2 

Transfer learning: 

 
ResNet34 
InceptionNet 
Χ 



IoU (T=0.51) 0.75 

Accuracy 84% 

IoU 
(T=0.51) 

0.75 

Accuracy 84% 


