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Motivation

* Deep Structure Understanding from Single Image




Challenges

* Depth Prediction Problem
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Our Solution

* Joint Depth and Intrinsic Image Inference
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Formulation

* Joint Convolutional Neural Field (JCNF) Model

 Key-Insights: Compared to quantities in the value domain, correlations
are stronger among gradient domain
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Depth and Intrinsic Image Inference

* Joint Convolutional Neural Field (JCNF) Model
* Joint Conditional Random Field (CRF) Energy Function
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* Unary Potentials
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Depth and Intrinsic Image Inference

* Joint Convolutional Neural Field (JCNF) Model

* Network Architecture
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Depth and Intrinsic Image Inference

* Joint Convolutional Neural Field (JCNF) Model

* Training Procedure
* Global Depth Prediction

Lwg) =) . . (D= FIp;wg))

* Gradient Prediction + Gradient Scale Prediction
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* Testing Procedure
* |terative Joint Prediction
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Experimental Results
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Experimental Results

* NYU v2 RGB-D Benchmark
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Experimental Results

. Make3D RGB-D Benchmark
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