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Object Detection
 Related Work [RGB]

Sliding Window

Bourdev et al., ECCV 10, Detecting People 
Using Mutually Consistent Poselet Activations

Region Classification

Felzenszwalb et al., PAMI 10, Object Detection 
with Discriminatively Trained Part Based Models

Girshick et al., CVPR 14, Rich feature 
hierarchies for accurate object detection 
and semantic segmentation 
Recently, Convolutional Neural Network 
(CNN) based features for region proposals 
have resulted in large gain in performance.
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Kim et al. CVPR 2013, Accurate Localization of 3D 
Objects from RGB-D Data using Segmentation 
Hypotheses, Extension to DPMs to model 
deformations in 3D

Tang et al. ICRA 2012, A Textured Object 
Recognition Pipeline for Color and Depth 
Image Data: Appearance matching, 
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Lai et al. ICRA 2011, A Large-Scale Hierarchical 
Multi-View RGB-D Object Dataset: RGB-D DPM, 
but instances and small table-top objects

Janoch et al. ICCV-W 2011, A Category-Level 3-
D Object Dataset: Putting the Kinect to Work, 
Absolute size based pruning and re-scoring with 
DPMs
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Feature Learning for RGB-D Images 

alexnet, finetuned-alexnet

 Related Work - RCNN

R. Girshick,J. Donahue, T. Darrell, J. Malik Rich feature hierarchies for accurate object detection and semantic segmentation, CVPR 2014
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Object Detection
 Key Insights

Depth Images are image-like enough to use 
Convolutional Neural Network models

Geocentric embedding into Horizontal 
Disparity, Height Above Ground, and Angle 
with Gravity (HHA) works better than just raw 
disparity

 Synthetic depth data can help
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Object Detection
 For Semantic Segmentation

Use output from object detectors to compute additional 
features for superpixels

Feature Computation

1. Highest scoring detection

2. Use as features for the 
superpixel 

• detection score 

• overlap 

• difference in mean depth of 
superpixel and detection 

• non-linear combinations



Object Detection
 For Semantic Segmentation (Performance)

Silberman et al. 
ECCV 12

Ren et al. 
CVPR 12

Gupta et al. 
CVPR 13

Gupta et al. (13) 
+ RGB-D DPM

Gupta et al. (13) 
+ Our Obj Det.

fwavacc 38.2 37.6 43.4 45.2 47

avacc 19 20.5 24.3 27.3 28.6

mean (maxIU) - 21.4 27.9 29.6 31.3

pixacc 54.6 49.3 57.9 59 60.3

obj avg 18.4 21.1 26.4 31.1 35.1

40 Class Task 
Scene Surfaces - Floors, walls, ceiling, windows, doors, ... 
Furniture - Beds, chairs, sofa, table, desks, ... 
Objects - Pillow, books, bottles, ...

Ground Truth 40 

Silberman et al., ECCV12, Indoor segmentation and support inference from RGBD images. 
Ren et al., CVPR12, RGB-(D) scene labeling: Features and algorithms 
Gupta et al., CVPR13, Perceptual Organization and Recognition of Indoor Scenes from RGB-D Images.
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Object Detection
Task  Metric
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 Average Precision

AP = area under the 
Precision recall curve

assign detection boxes to ground truth 
boxes based on I/U overlap

+ +I/U =

pred

gt

assign true positive, ...  
to compute precision and recall
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Task  Metric
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 APr

APr = area under the 
Precision-Recall curve

assign detection regions to ground truth 
regions based on region I/U overlap

+ +I/U =

assign true positive, ...  
to compute Precision 
and Recall

pred

gt

Hariharan et al., ECCV14, Simultaneous Localization and Detection
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Instance Segmentation
Predict each pixel in the detection window to be foreground or 

background
Compute Feature 

Channels Decision Tree Pixel Prediction
Super pixel  
Projection

location of pixel in box 
depth, relative depth 
height above ground 
angle with gravity,  
azimuth, normal vector 
Luv color channels,  
is missing data

p

p+ �1
p+ �2

di (fi(p+ �1), fi(p+ �2)) � ⌧
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our 32 19 66 10 2 36 33 10 23 34 38 36 53 43 32 34 41 14 37 51
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 Test Set

Better localization makes APr larger than APb
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Color and Depth  
Image Pair

Contour Detection

Region Proposal  
Generation

Object Detection

Semantic Segm.

Input Re-organization Recognition

Instance Segm.

State-of-the-art

Extensions

Thank You
Code available online! 


