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ThresholdingThresholding

1                  if ( , )    (object point)
( , )

0         if ( , )    (background point)

: global thresholding
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ThresholdingThresholding

image with dark 
background and 
a light object

image with dark 
background and 
two light objects
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Multilevel Multilevel thresholdingthresholding

► a point (x,y) belongs to 

� to an object class if T1 < f(x,y) ≤ T2

� to another object class if f(x,y) > T2

� to background if f(x,y) ≤ T1

► T depends on 

� only f(x,y) : only on gray-level values � Global threshold

� both f(x,y) and p(x,y) : on gray-level values and its neighbors �
Local threshold
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The Role of IlluminationThe Role of Illumination

f(x,y) = i(x,y) r(x,y)

a). computer generated 
reflectance function
b). histogram of reflectance 
function
c). computer generated 
illumination function (poor)
d). product of a). and c).
e). histogram of product 
image

easily use global thresholding
object and background are separated

difficult to segment
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Basic Global Basic Global ThresholdingThresholding

generate binary image

use T midway between 
the max and min gray 
levels
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Basic Global Basic Global ThresholdingThresholding

1. Select an initial estimate for the global threshold, T.

2. Segment the image using T. It will produce two groups of pixels: G1 
consisting of all pixels with intensity values > T and G2 consisting of 
pixels with values     T.

3. Compute the average intensity values m1 and m2 for the pixels in
G1 and G2, respectively.

4. Compute a new threshold value.

5. Repeat Steps 2 through 4 until the difference between values of T in 
successive iterations is smaller than a predefined parameter    .  
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Example: Heuristic methodExample: Heuristic method

note: the clear valley of 
the histogram and the 
effective of the 
segmentation between 
object and background

T0 = 0
3 iterations 
with result T = 125
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Basic Adaptive Basic Adaptive ThresholdingThresholding

► subdivide original image into small areas.

► utilize a different threshold to segment each 
subimages.

► since the threshold used for each pixel depends on 
the location of the pixel in terms of the subimages, 
this type of thresholding is adaptive.
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Example : Adaptive Example : Adaptive ThresholdingThresholding
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Further subdivisionFurther subdivision

a). Properly and improperly 
segmented subimages from previous 
example 
b)-c). corresponding histograms
d). further subdivision of the 
improperly segmented subimage.
e). histogram of small subimage at 
top
f). result of adaptively segmenting d).
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RegionRegion--Based SegmentationBased Segmentation

► Region Growing 

1. Region growing is a procedure that groups pixels or subregions into 
larger regions. 

2. The simplest of these approaches is pixel aggregation, which starts 
with a set of “seed” points and from these grows regions by 
appending to each seed points those neighboring pixels that have 
similar properties (such as gray level, texture, color, shape).

3. Region growing based techniques are better than the edge-based 
techniques in noisy images where edges are difficult to detect. 
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RegionRegion--Based SegmentationBased Segmentation

Example: Example: Region Growing based on 8-connectivity

( , ) :  input image array

( , ):   seed array containing 1s (seeds) and 0s

( , ):  predicate

f x y

S x y

Q x y
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Region Growing based on 8-connectivity

1. Find all connected components in ( , ) and erode each

   connected components to one pixel; label all such pixels 

   found as 1. All other pixels in S are labeled 0.

2. Form an image  such that, a
Q

S x y

f t a pair of coordinates (x,y),

   let ( , ) 1 if the  is satisfied otherwise ( , ) 0.

3. Let  be an image formed by appending to each seed point

   in  all the 1-value points in   that are 8-con

Q Q

Q

f x y Q f x y

g

S f

= =

nected to that

   seed point.

4. Label each connencted component in g with a different region

   label. This is the segmented image obtained by region growing.
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TRUE    if the absolute difference of the intensities 

         between the seed and the pixel at (x,y) is T

FALSE                                                      otherwise

Q




= ≤


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4-connectivity
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8-connectivity
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Region Splitting and MergingRegion Splitting and Merging

: entire image    :entire image   :  predicate

1. For any region , If ( ) = FALSE, 

    we divide the image  into quadrants.

2. When no further splitting is possible, 

    merge any adjacent regi

i

i i

i

R R Q

R Q R

R

ons  and 

    for which (   ) = TRUE.

3. Stop when no further merging is possible.

j k

j k

R R

Q R R∪
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TRUE    if  and 0

FALSE                     otherwise

a m b
Q

σ > < <
= 

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KK--means Clusteringmeans Clustering

► Partition the data points into K clusters randomly. Find 
the centroids of each cluster.

► For each data point: 

� Calculate the distance from the data point to each cluster.

� Assign the data point to the closest cluster.

► Recompute the centroid of each cluster.

► Repeat steps 2 and 3 until there is no further change in 
the assignment of data points (or in the centroids).
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KK--Means ClusteringMeans Clustering
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KK--Means ClusteringMeans Clustering
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KK--Means ClusteringMeans Clustering
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KK--Means ClusteringMeans Clustering
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KK--Means ClusteringMeans Clustering
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KK--Means ClusteringMeans Clustering
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KK--Means ClusteringMeans Clustering



12/27/2010 33

KK--Means ClusteringMeans Clustering
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ClusteringClustering

►► ExampleExample

D. Comaniciu and P. 

Meer, Robust Analysis 

of Feature Spaces: 

Color Image 

Segmentation, 1997.


