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Human Visual System 
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• Increasing complexity 

• Increasing invariance  

• All connections bidirectional 

• More feedback than feed forward 

• Lateral connections important 

Visual Processing Hierarchy 
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[Krüger et al., TPAMI 2013] 



• Performance increases with observation time 

Feed-forward Models Cannot Explain 
Human Performance 
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Neural Abstraction Pyramid  
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- Grouping  - Competition  - Completion 
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- Analysis 

- Feature extraction 
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- Synthesis 

- Feature expansion 

Signals 

Abstract features 

[Behnke, Rojas, IJCNN 1998] 

[Behnke, LNCS 2766, 2003] 
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Iterative Image Interpretation 
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• Interpret most obvious parts first 

• Use partial interpretation as context to resolve local 

ambiguities 

 



Unsupervised Learning a Feature Hierarchy 
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[Behnke, IJCNN’99] 



Image Reconstruction 
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[Behnke, IJCAI’01] 



Image Reconstruction 
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[Behnke, IJCAI’01] 



Binarization of Matrix Codes 
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• BioID data set:  

– 1521 images 

– 23 persons 

 
• Encode eye 

positions with 

blobs 

 

 

Face Localization 
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[Behnke, KES’03] 



Face Localization 
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• Affordable parallel computers 

• General-purpose programming  

• Convolutional 

 

 
 

 

• Local connectivity 

GPU Implementations with NVidia CUDA 
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[Scherer and Behnke, 2009] 

[Uetz and Behnke, 2009] 



• 10 categories, jittered-cluttered 

 

 

 
• Max-pooling, cross-entropy training on GPU 

 

 
 

• Test error: 5.6% (LeNet7: 7.8%) 

Image Categorization: NORB 
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[Scherer, Müller, Behnke, ICANN2010] 



• 50,000 color images (256x256) 

• 12 classes, objects scaled and centered + clutter (50%) 

 

 

 

 

 

• Error TRN: 3.77%;  TST: 16.27% 

• Recall: 1,356 images/s 

 

Image Categorization: LabelMe 
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[Uetz, Behnke, ICIS2009] 



• Class annotation per pixel 

 

 

 

• Multi-scale input channels 

 
 

• Evaluated on MSRC-9/21 

and INRIA Graz-02 data  

sets 

 

Object-class Segmentation 
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[Schulz, Behnke, ESANN 2012] 

Input         Output       Truth 



• Bounding box annotation 

• Structured loss that directly maximizes overlap of the 

prediction with ground truth bounding boxes 

• Evaluated on two of the Pascal VOC 2007 classes 

Object Detection in Natural Images 
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[Schulz, Behnke, ICANN 2014] 



• Kinect-like sensors provide dense depth (NYU Depth V2)  

• Scale input according to depth, compute pixel hight 

RGB-D Object-Class Segmentation 
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[Schulz, Höft, Behnke, ESANN 2015] RGB    Depth   Height    Truth   Output 



• NYU Depth V2 contains 

RGB-D video sequences 

• Recursive computation is 

efficient for temporal 

integration 

Neural Abstraction Pyramid for RGB-D 
Video Object-class Segmentation 
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[Pavel, Schulz, Behnke, IJCNN 2015] 
RGB            Depth           Output           Truth 



• New geometric 
feature: distance 

from wall 

• Semantic features 
pretrained from 

ImageNet  

• Both help 

significantly 

Geometric and Semantic Features for 
RGB-D Object-class Segmentation 
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[Husain et al. under review] RGB        Truth       DistWall   OutWO   OutWithDistWall 



• Combine bottom-up 

object discovery and 

semantic priors 

• Semantic segmentation 

used to classify color 

and depth superpixels 

• Higher recall, more 

precise object borders 

Semantic Segmentation Priors for  
Object Discovery 
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[Garcia et al. under review] 



• Text 

RGB-D Object Recognition and Pose 
Estimation 
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[Schwarz, Schulz, Behnke, ICRA2015] 



• Objects viewed from 

different elevation 

• Render canonical 

view 

 

• Colorization based on 

distance from center 

vertical 

Canonical View, Colorization 
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[Schwarz, Schulz, Behnke, ICRA2015] 



• t-SNE 

embedding 

Pretrained Features Disentangle Data 
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[Schwarz, Schulz,  

 Behnke ICRA2015] 



• Improved both category and instance recognition 

 

 

 

 

 

• Confusion:  

Recognition Accuracy 
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1:    pitcher     / coffe mug         2:    peach      /   sponge  

[Schwarz, Schulz,  

 Behnke, ICRA2015] 



• Deep learning has a long history 

– Recurrence (weight sharing over time) might be as useful as 

convolutional processing (spatial weight sharing) 

– In Neural Abstraction Pyramid, top-down and lateral connections 

are an efficient way to incorporate context for resolving local 

ambiguities 

• Depth and geometric features help with scene 

segmentation and semantic interpretation 

• Transfer learning from pretrained features helps a lot  

 

 

Conclusions 

Sven Behnke RGB-D Perception 26 



 

Questions? 
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