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Introduction 

Contour： outline of objects 

Image Segmentation: Partitioning 

a digital image into multiple 

segments  

Contour Detectors ≠ segmentation 
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Introduction 

Why they are important?? 

• Complexity reduction: from millions of pixels 

into a few hundred or thousands of “ super-

pixels” 
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Performance of Proposed 

method 
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Previous Work 

 Contour Detection 

 Early Approaches: quantifying the presence of 

a boundary at a given image location through 

local measurement 

 Roberts, Sobel, and Prewitt operator 

 Canny Detector 

 Oriented Energy Approach 
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Previous Work 

 More recent local approach: take color and 

texture information into account, and make 

use of learning technique for cue 

combination. 
 D. Martin, C. Fowlkes, and J. Malik, “Learning to detect natural image boundaries 

using local brightness, color and texture cues,” PAMI, 2004. 

 

 Define gradient operators for brightness, 

color, and texture channels, and use them as 

input to a logistic regression classifier for 

predicting edge strength. 
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Previous Work 

 Globalization：an other line of work in 

contour detection. 

 Simplest algorithm: link high-gradient edge 

fragments in order to identify extended, 

smooth contours 

 

The contour detection approach from this 

paper belong to the globalization method  
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Previous Work 

 Image segmentation:  

 graph based region merging algorithm 
 P. Felzenszwalb and D. Huttenlocher, “Efficient graph-based image 

segmentation,” IJCV, 2004. 

 Mean Shift Algorithm 
 D. Comaniciu and P. Meer, “Mean shift: A robust approach toward 

feature space analysis,” PAMI, 2002. 

 Normalized Cuts criterion 
 J. Shi and J. Malik, “Normalized cuts and image segmentation,” 

PAMI, 2000. 
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Contour Detection 

1. Learn local boundary cues  

2. Global framework to capture 

closure, continuity 

3. Local Cues and global cues 

combination 
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Contour Detection 

 Learn local boundary cues 

Image Local Boundary Cues 

Model 

Brightness 

Color 

Texture 

Cue Combination 
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Contour Detection 

 Learn local boundary cues 

 Brightness  

  L*a*b* colorspace 

 Color  

  L*a*b* colorspace 

 Texture 

 Convolve with  17  filters 

 

Filters for creating textons 
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 Learn local boundary cues 

 Oriented gradient of histograms 

 Example 

 

 

 

 

 Gradient magnitude G at location(x, y) 

 

 

 Three scales of r  
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Contour Detection 
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 Learn local boundary cues 
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Spectral Clustering 

 Spectral clustering lies at the heart of our 

globalization machinery.  

 

 Let G = (V, E) be an undirected graph with 

nodes V = v1, v2, ….., vn, the graph has 

weighted edges 𝑤𝑖𝑗 = 𝑤𝑗𝑖 ≥ 0, which are 

called affinities and are measures of 

similarity between nodes.  
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Spectral Clustering 

 The degree of a vector vi is defined as: 

𝑑𝑖 =  𝑤𝑖𝑗
𝑛
𝑗=1  

 The degree matrix of the graph is defined 

by 𝐷 = 𝑑𝑖𝑎𝑔{𝑑1, 𝑑2, …… , 𝑑𝑛} 

 

 Given D and W, the graph’s Laplacian 

matrix is defined to be 
𝐿 = 𝐷 − 𝑊 
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Spectral Clustering 

 L has n non-negative eigenvalues. 

 0 ≤ λ1 ≤ λ2 ≤ ⋯ ≤ λ𝑛 

 

 

 If 0 =  λ1 = λ2 = ⋯ = λ𝑘 ≤ ⋯ ≤ λ𝑛, then G 

has k-connected components A1, A2, 

……, Ak 
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Spectral Clustering 

 𝑤𝑖𝑗 =  
1 𝑒𝑖𝑗 ∈ 𝐸

0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑧𝑒
 

 

 Let L = D – W, and calculate the 

eigenvalue and eigenvector of L.  

 𝑢1 = 1,1,1,1,1,1,0,0,0,0,0,0  

 𝐴1 = (𝑣1, 𝑣2, 𝑣3, 𝑣4, 𝑣5, 𝑣6) 

 𝑢2 = 0,0,0,0,0,0,1,1,1,1,1,1  

 𝐴2 = (𝑣7, 𝑣8, 𝑣9, 𝑣10, 𝑣11, 𝑣12) 
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 Global framework to capture closure, continuity 

V: image pixels 

E: connections between pairs of nearby pixels 

=>Build a weighted graph G=(V,E) from 

image 

 

 

Contour Detection 
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Contour Detection 

Original image eigenvectors 
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Contour Detection 

input image 

v1 

v2 𝑣𝑛 

For every pixel located in (x, y), it will have a  

N-dimensional descriptor 

Using a clustering algorithm such as K-means 

to create a hard partition of the image. 

[𝑣1 𝑥, 𝑦 , 𝑣2 𝑥, 𝑦 , …… , 𝑣𝑛(𝑥, 𝑦)] 
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 Global framework to capture closure, continuity 

Contour Detection 
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 Local Cues and global cues combination 
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Local Cues Global cues 

Contour Detection 

Learned using training image 



Hierarchical Segmentation 

 Why doing this? 

 Contours are often not closed but are 

useful as a signal on which to compute 

image descriptors. 

 Closed regions offer additional advantages 

as they have natural scale and domains 

for computing features and reduces much 

computation complexity. 
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Hierarchical Segmentation 

1. From contours to segmentation 

1. Usually over-segmentation 

2. Hierarchical segmentation by 
iterative merging 
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Hierarchical Segmentation 

 From contours to segmentation 

 Watershed Transform 

 Concept 
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Hierarchical Segmentation 

 From contours to segmentation 

 Watershed Transform 

27 

Boundary strength Artifacts 

Weight each arc 



Hierarchical Segmentation 

 From contours to segmentation 

 Oriented Watershed Transform 
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Hierarchical Segmentation 

 Hierarchical segmentation by iterative 
merging 

 Hierarchical segmentation 

 

 

 

 

 This process produces a tree of region, where the leaves 

are the initial elements of from watershed transform, and 

the root is the entire image. 
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Hierarchical Segmentation 

 The whole hierarchy can be represented 

as an Ultrametric Contour Map 

 

 

Original Image 
Hierarchical 

Segmentation 
Ultrametric 

Contour Map 
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Original Image 

 

 - Local cues          

 - Global cues   
Oriented Gradient 

of histograms  

Contour 

Oriented Watershed Transform 

Iterative Merging 

Hierarchical Segmentation 

Brief Summary 



Result 

 

actual class (observation) 

 

predicted class 

(expectation) 

tp 

(true positive) 

Correct result 

fp 

(false positive) 

Unexpected result 

fn 

(false negative) 

Missing result 

tn 

(true negative) 

Correct absence 

of result 
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 ODS : optimal dataset scale 

 OIS : optimal image scale 

 AP :average precision 
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Contour Detection Result 



Segmentation Result 
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Segmentation Result 
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Thank you 
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Interactive segmentation 
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