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-Novel Depth-Encoded formulation for classical Hough
  voting-based detector.

- depth in training depth 
   depth both in training and testing.

-Goal: Jointly Object Detection and Shape Recovery

-Shape recovery from a single uncalibrated image.

-Applications:
  6 degree of freedom (DOF) pose estimation
  plausible 3D reconstruction of the object

Detection bounding box

Ground truth bounding box

Object Detection

Shape Recovery
3D point  clouds

- Improve detection performance given:  

V (O, x |D )
j,i

p(x |O, C i ( f j ) , s j , l j )p(O |C i ( f j )) p(s j |l j , dj ) dsj

-Object Hypothesis: 
      object candidate O, location x
-Image Patch Attributes: 
      patch index j, appear feature f, 
      scale s, position l, depth d

Hough voting-based detector

V (O, x |D ) =
j

p(O, x, f j , s j , l j |dj ) dsj
Detection Score Image Patch Probabilistic Vote

Our formulation

-Feature Quantization: 
            Random forest codeword C, tree index i
-Patch scale & depth relation:

O: Mug
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x: Red bounding box
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p(s |l , d )

Image patch tightly encloses  
a part of the object with radius r

θ = arcsin(
r

dyz
); φ = arctan(

v
t

)

dyz =
d√t2 + v2

√u2 + v2 + t2
d projected onto yz plane

s = 2( v − v); v = tan( θ + φ) t;
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Given u, v, s, t, r, calculate d
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(d) Unique Reconstruction

Slides

Side-View of a Mouse

w/o depth in detection: 
False positive (blue) due to votes
from patches with wrong scale

w depth in detection: 
False positive weakened since votes 
from wrong scale are removed
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Depth

Sparse/Baseline Sparse/Baseline

Mouse 0.0145/0.0255 0.0173/0.0308

Stapler

0.0176/0.0228 0.0201/0.0263

0.0094/0.0240 0.0114/0.0298

Abs. Depth in (m) Rel. Depth 
(known focal length) (unknown focal length)Table 1
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Qualitative Results
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Table 2. pose estimation performance on 3D object dataset[21]
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- DEHV detector to detect object w or w/o depth 
  information
- Joint object detection and shape recovery  using depth 
  decoding procedure


