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Fast Ray Features for Learning Irregular Shapes
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Weak learners per cascade stage: nuclei

Weak learners per casade stage: faces

0 1 2 3 4
x 10−4

0.6

0.65

0.7

0.75

0.8

0.85

0.9

0.95

1

False Positive Rate

C
or

re
ct

 D
et

ec
tio

n 
R

at
e

ROC nucleus detection

 

 

Rays
Haar
HOG

Neuron nuclei detection ROC

0 0.2 0.4 0.6 0.8 1
x 10−4

0.6

0.65

0.7

0.75

0.8

0.85

0.9

0.95

1

False Positive Rate

C
or

re
ct

 D
et

ec
tio

n 
R

at
e

ROC face detection

 

 

Haar+Rays
Haar
Rays

Face detection ROC

[1] Y. Amit and D. Geman.  Shape Quantization and Recognition with Randomized Trees. In Neural Computation, 9(7):1545-1588, 1997.       

[2] S. Belongie, J. Malik, and J. Puzicha. Shape Matching and Object Recognition using Shape Contexts.  In IEEE Transactions on Pattern

      Analysis and Machine Intelligence (T-PAMI), 24(24):509-522, 2002.

Weak learners per cascade stage: faces

Introduction

The Ray Feature Set

Discriminative Ability E�cient Precomputation
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Ray distance feature responses computed by scanning at regu-
lar angular intervals and applying Algorithm 1
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The Ray feature set is a new group of image features designed to consider image 
characteristics at distant contour points. Rays can characterize deformable or ir-
regular shapes with consistent responses, where standard feature sets such as 
Haar and HOG are less reliable. Rays can also provide contextual information out-
side the detector window. They can be e�ciently precomputed in a manner similar 
to integral images, making them ideal for boosted classi�er-based detectors.

Distinguishing features of deformable objects often 
occur at unreliable locations, but Rays can predict 
their locations relative to more reliable locations. The 
feature set is composed of 4 feature types that test 
image properties at the nearest edge location given  
a location m and direction θ. Rays allow shapes to 
deform without substantially altering the response.

Considers absolute distance to nearest 
contour point in direction θ.

Considers gradient strength of nearest 
contour point in direction θ.

Compares relative distances to nearest 
contour points in directions θ and θ’.

The characteristic function re-
turns the nearest edge point c in 
direction θ given location m.

2-photon microscopy of neurons migrating
within adult rodent olfactory bulb

FIBSEM slice of brain containing internal
neuron structures including mitochondria

Given an image gradient G and edge map B, 
Rays can be precomputed by scanning the 
image at regular angular intervals. Rays are 
slower to precompute than integral images 
but faster at run-time.  

Obtained using a 24x24 scanning detector trained with an Adaboost 14-
stage hard cascade classi�er for neuron nuclei, mitochondria, and faces.

Deformation or scale change alters response of conventional features.

Deformation does not change relative distance to characteristic locations.

Gradient norm remains relatively consistent after deformation.

Gradient orientation remains relatively consistent after deformation.
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Rays outperform Haar & HOG when recognizing irregular cell-like contours.

Rays outperform Haar & HOG when recognizing open vs. closed contours.

nuclei mitochondria faces

Distance Feature Di�erence Feature

Orientation Feature

Norm Feature

Considers the orientation of nearest 
contour point in direction θ.

original image I gradient G edge map B
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feature      
Rays
Haar

precomp
85 ms
1.2 ms

runtime
2,280 ms
7,304 ms

total
2.4 s
7.3 s

Computational cost †

computed scanning a 24x24 detector window 
on a 640x480 image with scale σ=1.5

for each scanline S in image I
   Set initial values:
 scaline direction
 
 for each location 

 if       lies on an edge in B:
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Algorithm 1 Precomputation of Ray Features
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