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Motivation:

Object instance pose estimation 

and camera localization from RGBD images 

has been very successful.

Ours Line2D [4]

Goal: To achieve visually convincing results 

using RGB only.

State-of-the-Art using RGBD (previous work [1],[2]):
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Contributions:

1. New state-of-the-art for 6D pose 

estimation from RGB only

2. Robust auto-context framework 

for multi-dimensional 

continuous data

3. Scalable RANSAC for multiple 

objects

4. Refinement using uncertainty 

5. High flexibility

(objects / scenes, RGB / RGB-D)
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(2.) Object Coordinate Auto-Context:

We use fast pixel difference features on the RGB image and the 

regularized predictions of the previous forest in the auto-context stack.

(3.) Multi-Object RANSAC:

PnP

Sampling one hypothesis:

Pre-emptive optimization and 

refinement per object. 

(4.) Refinement Using Uncertainty:

Image
x
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z

𝑖 ... pixel index
𝒩𝑖 ... pixel 
neighborhood
𝑐 ... object 
label
𝒚 ... object 
coordinate

𝒑𝑖 … pixel position
ℳ𝑖 … GMM component
𝑚 … component weight
𝝁 … mean
Σ … covariance
□𝑒… in camera space

Experimental Results

Measure of [3] (3D): Our measure (2D):

Ours,
no AC

Ours, 
no reg.

Ours, 
𝑳𝟐 reg.

Ours, 
𝑳𝟏 reg., no ref.

Ours, 
𝑳𝟏 reg.

Line2D [4]

3D 27.3% 19.6% 46.0% 32.3% 50.2% 24.2%

2D 59.3% 38.0% 68.6% 69.5% 73.7% 20.9%

5cm 5° Avg. Med. Err.

Sparse RGB [5] 40.7% -

PoseNet [6] - 46.9cm, 5.4°

Ours 55.2% 6.1cm, 2.7°

Single Object Pose Estimation from RGB images (dataset of [3]): 

Brachmann et al. [1] Krull et al. [2] Ours, 𝑳𝟏 reg.

3D 97.4% 93.9% 99.0%

2D 81.7% 82.6% 95.7%

and from RGBD images:

Multi-Object Detection (RGB)

(dataset of [1]):

Camera localization (RGB)

(dataset of [5]):
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We exploit the full object coordinate distribution 𝑃𝑖 𝒚 𝑐 .

Camera coordinate 𝒆𝑖 is unknown, 

hence we integrate over the pixel 

volume ℛ𝑖. 
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𝐿2reg. 𝐿1reg.

The (auto-context) random forest predicts object label distributions 

𝑃𝑖 𝑐 and object coordinate distributions 𝑃𝑖 𝒚 𝑐 . We regularize 

predictions before each auto-context layer.

Distribution after sampling 𝑛𝐻 hypotheses:

When sampling a pose hypothesis 𝐻𝑐, we decide on the fly which object 𝑐
it belongs to. We avoid sampling hypotheses for objects not visible.

Draw first pixel 𝑖1 Draw object 𝑐 Draw pixel 𝑖1, 𝑖2, 𝑖3 Calculate 𝐻𝑐
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