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IMAGE SEGMENTATION BASICS




Image segmentation
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The principal goal of the segmentation
process is to partition an

image into connected regions that are
homogeneous

with respect to one or more features

E.g. partition the images into meaningful
regions of anatomical interest + relevant
treatment planning volumes

Relevant for accurate treatment
planning




Manual segmentation

Uncertainties in segmentation:
* Inter-expert
Intra-expert variability

Journal of Medical Imaging and Radiation Oncology 54 (2010) 401-410
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Impact of segmentation errors

Large international phase lll trial evaluating radiotherapy with concurrent cisplatin
plus tirapazamine for advanced head and neck cancer
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Classical common approaches

The most commonly used segmentation techniques can be classified into two
broad categories:

region segmentation
techniques that look for the regions satisfying a given homogeneity
criterion

edge-based segmentation
look for edges between regions with different characteristics




Region segmentation

Thresholding
A threshold is selected, and an image is divided into groups of voxels having values
less than the threshold and groups of voxels with values greater or equal to the

threshold

Region growing

Another class of region segmentation algorithms that assign adjacent voxels or
regions to the same segment if their image values are close enough, according to
some preselected criterion of similarity, starting from initialization seeds

Clustering
Achieves region segmentation by automatically partitioning the image into sets or

clusters of voxels that have strong similarity




Global thresholding
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FIGURE 5.2 An example of global thresholding. (a) Original image,
(b) histogram of image (a), (c) result of thresholding with T = 127,




Thresholding and noise
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FIGURE 10.36 (a) Noiseless 8-bit image. (b) Image with additive Gaussian noise of mean 0 and standard
deviation of 10 intensity levels. (c) Image with additive Gaussian noise of mean 0 and standard deviation of
50 intensity levels. (d)—(f) Corresponding histograms.




Noise filtering
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Otsu thresholding

[EEE TRANSACTIONS ON SYSTEMS, MAN, AND CYBERNETICS, VOL. SMC-9, NoO. 1, JANUARY 1979

A Threshold Selection Method
from Gray-Level Histograms

NOBUYUKI OTSU

Abstract—A nonparametric and unsupervised method of automa-
tic threshold selection for picture segmentation is presented. An
optimal threshold is selected by the discriminant criterion, namely,
so as to maximize the separability of the resultant classes in gray
levels. The procedure is very simple, utilizing only the zeroth- and the
first-order cumulative moments of the gray-level histogram. It is
straightforward to extend the method to multithreshold problems.
Several experimental results are also presented to support the
validity of the method.

Key assumptions:

Histogram (and the image) are bimodal (i.e. 2 classes, object and background)

No use of spatial coherence, nor any other notion of object structure

Assumes stationary (overall) statistics, but can be modified to be locally adaptive
Assumes uniform signal throughout the image (implicitly), so the bimodal
brightness behavior arises from object appearance differences only




Otsu thresholding

Based on a very simple idea: find the threshold that minimizes the weighted within-class
variance

In Otsu's method we exhaustively search for the threshold that minimizes the intra-class
variance (the variance within the class), defined as a weighted sum of variances of the two
classes as a function of threshold t

o (1) = wy (Dog(O+wy (Dot (b
- S

Variance of the two classes, weighted by the relative contribution (# voxels)

Otsu shows that minimizing the intra-class variance is the same as maximizing inter-class
variance (between classes):

o2 (t) = 0% — a2 (t)

—

Total image variance




Otsu thresholding
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Otsu thresholding
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Local adaptive thresholding

Local thresholds can be determined by splitting an image into
subimages and calculating thresholds for each subimage

An image is first divided into subimages and the histograms are
calculated for each subimage

The subimages used should be large enough to include both
object and background voxels

If a histogram is unimodal, the threshold can be assigned by
interpolation from the local thresholds found for nearby
subimages




Local adaptive thresholding
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FIGURE 10.46 (a) Noisy, shaded image and (b) its histogram. (c) Segmentation of (a) using the iterative
global algorithm from Section 10.3.2. (d) Result obtained using Otsu’s method. (e) Image subdivided into six
subimages. (f) Result of applying Otsu’s method to each subimage individually.




Variable thresholding - local image properties

Let us consider a neighborhood S,, centered at coordinates (X,y) in an image, with
local mean m,, and standard deviation oy,.

Common forms of variable threshold are implemented as:

() L TG>Ty
IEYIZ00 if fey) < Ty,

with

Ty = A0xy + bmy,y,
or

where a,b are nonnegative constants and mg is the global mean of image intensities




Region growing
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Region growing starts with a pixel or
a group of pixels (called seeds) that
belong to the structure of interest
Seeds can be chosen by an operator
or provided by an automatic seed
finding procedure

In the next step neighboring pixels
(connectivity needs to be defined)
are examined one at a time and
added to the growing region, if they
are sufficiently similar based on a
uniformity test (also called a
homogeneity criterion)

The procedure continues until no
more pixels can be added
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Region growing

Homogeneity criteria examples:

- Voxel intensity in a given range

- Average voxel intensity in the region within a given range

- Standard deviation of voxel intenisites in the region in a given range

Results may be “noisy”

depending on:

* Image noise

* Initial seeds

* Selected homogeneity
criterion



Region growing: limitations

Region growth may “leak”
through a single weak spot
in the boundary




Region growing: seed placement

Lung segmentation example:

* Automatic seed placement for left / right lung

* Additional check on intensities (move to neighbor voxels if high intensity is
selected)




Region growing example

(a) (b)

() (d)

FIGURE 5.5 Steps of segmentation with the hill climbing algorithm;
(a) a 0.5 x 0.5 mm image showing a subtle microcalcification, (b) 16
edge points determined by the algorithm, (c) result of region grow-
ing, (d) edges of region enclosing the segmented microcalcification.
Reprinted with permission from I. N. Bankman, T. Nizialek, I. Simon,
et al., Segmentation algorithms for detecting microcalcifications in
mammograms, [EEE Trans. Inform. Techn. Biomed, 1(2, pp. 141-149,
1997) © 1997 IEEE.

Hill climbing algorithm

f(x0, y0) = flx, ¥)

S(x,y) - d(xO),VO} x;)")

(5.4)

where d(xy, ¥, x, y) is the Euclidean distance between the local
maximum pixel and pixel (x, y).

The line search is applied in equally spaced
directions originating from the maximum
(Xo: Yo)

A pixel is considered to be on the edge if it
provides the maximal slope value s(x,y)
Next, the edge points are used as seeds for
region growing with a spatial constraint
(growing the region inward, toward local
maximum), and an intensity constraint
(including pixels with intensity values
increasing monotonically toward the local
maximum)
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K-Means Clustering

Segmentation allows to identify a predefined number (k) of regions:
 The main idea is to define k centroids, one for each cluster.
* Centroids are updated till all points are assigned to each cluster

The algorithm minimizes iteratively the following cost function:

531

j=1i=1

Voxels can be identified (multi-dimensional vector X;) using different properties: intensity,
coordinates, additional features:
* applicable on gray-level images or after thresholding (binary images)




K-Means Clustering: algorithm

e |[nitialization step o (o] o
1. pick k cluster centers randomly (or initialize)




K-Means Clustering: algorithm

e |[nitialization step o (o] Py
1. pick k cluster centers randomly (or initialize)




K-Means Clustering: algorithm

e |[nitialization step
1. pick k cluster centers randomly (or initialize)

2. assign each sample to closest center




K-Means Clustering: algorithm

e |[nitialization step
1. pick k cluster centers randomly (or initialize)
2. assign each sample to closest center

e |[teration steps

1. compute means in each cluster /Lli — DL X




K-Means Clustering: algorithm

e |[nitialization step (o) (o) o
1. pick k cluster centers randomly (or initialize)

(o o
. Oo° o
2. assign each sample to closest center

e |[teration steps

1. compute means in each cluster /Lli = L1 X

1Dl

2. re-assign each sample to the closest mean xeD;




K-Means Clustering: algorithm

e |[nitialization step (o) (o) o
1. pick k cluster centers randomly (or initialize)

(o o°
. Oo° o
2. assign each sample to closest center

e |[teration steps

1. compute means in each cluster /Lli — ﬁ X
2. re-assign each sample to the closest mean ! xeD.

. Iterate until clusters stop changing




K-Means Clustering: algorithm

e |[nitialization step (o)
1. pick k cluster centers randomly (or initialize) Y

(o]
o o
2. assign each sample to closest center o (o >

e |[teration steps
1. compute means in each cluster /Lli — X
2. re-assign each sample to the closest mean xeD.

. Iterate until clusters stop changing




K-Means Clustering

An image (/) Three-cluster image (J) on
gray values of /

Result is highly sensitive to image noise




Edge-based segmentation

FIGURE 10.9 A 1508 X 1970 image showing (zoomed) actual ramp (bottom, left), step
(top, right), and roof edge profiles. The profiles are from dark to light, in the areas
indicated by the short line segments shown in the small circles. The ramp and “step”
profiles span 9 pixels and 2 pixels, respectively. The base of the roof edge is 3 pixels.
(Original image courtesy of Dr. David R. Pickens, Vanderbilt University.)
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Edge-based segmentation

Derivative filters:
* First order
 Second order

Followed by a threshold to highlight
the edge of interest (1t order)

Zero crossing for 2" order (Laplacian)
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Edge detection masks
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FIGURE 10.14

A 3 X 3 region of
an image (the z’s
are intensity
values) and
various masks
used to compute
the gradient at
the point labeled

Zs.




First order filter

FIGURE 5.7 Edge detection using Sobel operator. (a) Original
angiography image showing blood vessels, (b) edge magnitude image
obtained with a 3 x 3 Sobel mask, (c) edge image thresholded with
a low threshold (T = 300), (d) edge image thresholded with a high
threshold (T = 600).
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Sensitivity to noise

FIGURE 10.11 First column: Images and intensity profiles of a ramp edge corrupted by
random Gaussian noise of zero mean and standard deviations of 0.0, 0.1, 1.0, and 10.0
intensity levels, respectively. Second column: First-derivative images and intensity
profiles. Third column: Second-derivative images and intensity profiles.



Marr-Hildreth algorithm

The Marr-Hildreth algorithm for edge detection is based on the zero-crossings of
the Laplacian of the Gaussian operator

_xt4y? , ,
G(x,y) =e 202 Gaussian function

V2G(x,y) =

0°6(g.,) , 8°G(g.) _ & (—xe-xif> J (—y y)
0-2

dx? Sy  bx




Marr-Hildreth algorithm
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FIGURE 10.21

{a) 3-D plot of
the negative of the
LoG.

{b) Negative of
the LoG
displayed as an
image. X
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Marr-Hildreth algorithm

The Marr-Hildreth algorithm entails the following steps:

e Convolving the input image with a LoG kernel

g, y) = [V2G(x, )] * f(x,¥)

* Determine the zero crossing of g(X,y) to localize edges in f(X,y)

As the Laplacian and convolution operations are linear processes, we can also write the
expression above as:

g, y) =V2[G(x,y) * f(x, )]

Where we indicate that the image is first smoothed by a Gaussian kernel and then filtered
through the Laplacian operator.




Marr-Hildreth algorithm

FIGURE 10.26

(a) Original head
CT image of size
512 X 512 pixels,
with intensity
values scaled to
the range [0, 1].
(b) Thresholded
gradient of
smoothed image.
(c) Image
obtained using
the Marr-Hildreth
algorithm.

(d) Image
obtained using
the Canny
algorithm.
(Original image
courtesy of Dr.
David R. Pickens,
Vanderbilt
University.)



Canny edge detection

The Canny algorithm approach is based on the following objectives:

* Low error rate
» all edges should be found, with no spurious responses

* Edge points should be well localized
 found edges as close as possible to the true edges

* Single edge point response
e the algorithm should not localize multiple edge pixels where a single
edge point exists




Canny edge detection

Algorithm

1. Smooth image with a Gaussian - optimizes the trade-off between noise
filtering and edge localization

2. Compute the Gradient magnitude using approximations of partial
derivatives (e.g. with Sobel operator)

3. Thin edge by applying non-maxima suppression to the gradient magnitude
4. Detect edges by double thresholding
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Canny: gradient

Bf
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Canny: non-maxima suppression

The algorithm is for each pixel in the gradient image:

1. Round the gradient direction 0 to nearest 45 degrees

2. Compare the edge strength of the current pixel with the edge strength of the pixel in
the positive and negative gradient direction. l.e. if the gradient direction is north
(theta=90°), compare with the pixels to the north and south

3. If the edge strength of the current pixel is largest; preserve the value of the edge
strength. If not, suppress (i.e. remove) the value




Canny: double thresholding (1)

The Canny edge detection algorithm uses double thresholding (high + low threshold):
Edge pixels stronger than the high threshold are marked as Strong

Edge pixels weaker than the low threshold are suppressed and edge pixels between the
two thresholds are marked as Weak

(a) Edges after non-maximum sup- (b) Double thresholding
pression
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Canny: double thresholding (2)

» Strong edges will (almost) only be due to true edges in the original image

* The weak edges can either be due to true edges or noise/color variations: weak edges due
to true edges are much more likely to be connected directly to strong edges

* Edge tracking can be implemented by BLOB-analysis (Binary Large OBject). The edge pixels
are divided into connected BLOB’s using 8-connected neighbourhood. BLOB’s containing at
least one strong edge pixel are then preserved, while other BLOB’s are suppressed

(a) Double thresholding (b) Edge tracking
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Watershed

It requires selection of at least one marker (“seed”
point) interior to each object of the image, including nh=40
the background as a separate object

The watershed algorithm can be used directly on the ‘
image, or on an edge enhanced image (e.g. Sobel)

=90 --

To understand the watershed, one can think of an h=160
image as a surface where the bright pixels represent
mountaintops and the dark pixels valleys. The surface

is punctured in some of the valleys, and then slowly >4
submerged into a water bath. The water will pour in
each puncture and start to fill the valleys.

Intens




Watershed

FIGURE 5.6 Image segmentation using Sobel/watershed algorithm.
(a) Original image of a lymph node; (b) operator’s marks: a point
inside the node and a circle enclosing the area well outside the node;
(c) binary image generated from (b); (d) result of a 3 x 3 Sobel edge
detection operation performed on the original image (a); (e) result of
the watershed algorithm performed on image (d) using markers from
image (c); (f) edges of the lymph node [interior region from image
(e)] superimposed on the original image. Reprinted with permission
from J. Rogowska, K. Batchelder, G. S. Gazelle, et al. Quantitative
CT lymphography: Evaluation of selected two-dimensional techniques
for computed tomography quantitation of lymph nodes. Investigative
Radiology, 31(3, pp. 138—145, 1999).




