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Abstract: We propose a novel and efficient way of performing local image segmentation. For many applications a thresh-
old of pixel intensities is sufficient. However, determining the appropriate threshold value poses a challenge. In
cases with large global intensity variation the threshold value has to be adapted locally. We propose a method
based on large scale hypothesis testing with a consistent method for selecting an appropriate threshold for the
given data. By estimating the prominent distribution we characterize the segment of interest as a set of outliers
or the distribution it self. Thus, we can calculate a probability based on the estimated densities of outliers
actually being outliers using the false discovery rate (FDR). Because the method relies on local information it
is very robust to changes in lighting conditions and shadowing effects. The method is applied to endoscopic
images of small particles submerged in fluid captured through a microscope and we show how the method can
handle transparent particles with significant glare point. The method generalizes to other problems. This is
illustrated by applying the method to camera calibration images and MRI of the midsagittal plane for gray and
white matter separation and segmentation of the corpus callosum. Comparing this segmentation method with
manual corpus callosum segmentation an average dice score of 0.88 is obtained across 40 images.

1 INTRODUCTION sumption is appropriate for many real segmentation
problems.
We present a novel way of performing binary seg-
mentation of images with large global variations. In
many segmentation problems such as global change
in illumination, shadows, or background variations, a
global threshold is not a feasible solution. Variations
in pixel intensities can result in large segmentation er- Segmentation is a widely used technique in com-
rors if one global threshold value is applied. As a puter vision for identifying regions of interest. Basic
consequence the threshold has to be locally adaptedthreshold is a simple, very robust and fast approach
Another problem is the dominating background inten- for performing segmentation. It is applicable for a
sities, which makes typical histogram based methodswide range of segmentation problems where regions
like histogram clustering (Otsu, 1975) inappropriate. of interest have intensity levels which differers from
We propose a method based on the assumptionthe remainder of the scene. Many techniques have
that a local threshold exists, which will separate the been developed for identification of suitable thresh-
segment of interest from the background. We presentold.(Sezgin and Sankur, 2004) gives an overview. The
a well defined way of selecting the appropriate thresh- simplest approach is to perform a global threshold for
old value given the observations based on a large scale¢he whole image e.g. based on the shape of the in-
hypothesis test and experimentally show that this as- tensity histogram (Sezan, 1990), applying a Gaussian
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mixture model (Hastie et al., 2001) or by performing ness of the test procedure (estimation problem). In
clustering (Otsu, 1975). Local methods have an adap-this paper we employ both measures to separate the
tive threshold, which varies across the image. As a particles from the background transform calibration
result the local methods are suited for images with images into binary images, segment the corpus cal-
global intensity variations (Stockman and Shapiro, losum and separate white and gray matter in brain
2001). images. Simultaneous hypothesis testing is founded
Images with regions of interest taking up a small on a set of N null hypothese{st—li}i'\‘:l, test statistics
proportion of the image poses a challenge. Histogram which are possibly not independefi¥; }N ; and their
shape or clustering methods will be inadequate for gssociated p-value{sP.}i'\‘:l defining how strongly the
finding a good threshold since the regions of inter- ghserved value of; contradictsH;.
est will almost invisible in the histogram. (Ng, 2006)
suggested a threshold at a valley in the histogram 3,1 False Discovery Rate
while maximizing the between segment variation sim-
ilar to Outss method (Otsu, 1975). This requires a |n this paper we assume tiecases are divided into
two-peaked distribution of the histogram, which lim- tyo classes, Null and non-null occurring with prior
its the applicability of the method. ~ probabilitiespo andp; = 1 — po. We denote the den-
Our method provides a good solution to a wider sity of the test statistics given its claggz) and f1(z)
class of intensity distribution. It can be applied both (nyll or non-null respectively). False discovery rate
as a global and local segmentation method which (FDR) methods are central to some large scale method
makes it very flexible. Our approach is based on the and is employed here. It is typical to consider the ac-
assumption of a given intensity distribution that can tya| distribution as a mixture of outcomes under the
be estimated from the observed distribution. For each nu" and a|ternative hypotheses_ Assumptions about
intensity value there is a probability of belonging to  the alternative hypothesis may be required. The sub-
this distribution, which can be compared to the ac- densities
tual observed distribution. The difference between

+ _ + —
the expected distribution and the observed can be in- fo (@ =pofo(z) .fi(@=mf( (@)
terpreted as false discoveries used for identifying the and mixture density
threshold value. This idea originates from (Efron, t(2) =3 (2 + 1{ (2) )

2004), who used it for identifying observations of in- ) )
terest in genome responses.(Darkner et al., 2007) Ap_leads directly to the local false discovery rate:
plied it for shape analysis. fdr(z) = P(null|z = 2)
The rest of the paper is organized as follows. First _ _ £
we describe the details of our method, and following Pofo(2)/1(2) = (2)/1(2) 3)

that we describe and discuss our experiments, and fi-The FDR describes the expected proportion of false
nally we conclude our work. positive results among all rejected null hypotheses

and guarantees that the fraction of the number of false
positives over the number of tests in which the null
hypothesis was rejected (Efron, 2004). Figure 1 and
3 LARGE SCALE HYPOTHESIS 2 illustrates the fundamentals of the approach.
TESTING For segmentation of particles the hypothesis test
is used to find pixels that are a part of a segment i.e.
The point of large-scale testing is to identify a small observations that deviates significantly from the av-
percentage of interesting cases that deserve furthererage local background. We use large-scale testing
investigation using parametric modeling. The prob- to estimate the empirical null hypothesis for a given
lem is that a part of the interesting observations may region assuming the pixel values follows some nor-
be extracted, but if more are wanted then also unac-mal distribution. It is convenient to considar =
ceptably many false discoveries are identified (Efron, ®(P), i={1...N} where® is the standard nor-
2004). A major point of employing large-scale esti- mal cdf andz|h; ~ N(0,1). Estimates of the pixel er-
mation methods is that they facilitate the estimation ror and confidence bounds can be mappel {0, 1)
of the empirical null density rather than using the the- through®. As an example of prior information for
oretical density. The empirical null may be consid- particles we see that the background has higher pixel
erably more dispersed than the usual theoretical null intensities than the particles. The background will
distribution. Besides from the selection of the non- therefor be the highest and largest distribution. This
null cases (the selection problem) large-scale testingcan be used to get a better empirical estimate of of the
also provides information of measuring the effective- null hypothesis.
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Figure 1: The graphical presentation of large scale hypoth-
esis test. The red and blue curvef{g), the green is the pdf

of the estimated null hypothesfg*(z) where the yellow is
the mean and the purple is the half width half maximum.
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Figure 2: The corresponding logarithm of FDR for Figure
1.

3.2 Estimation of Hg

Assuming that the prominent distribution follows a
normal distribution we are able to estimaig. Thus

for the estimation we choose an appropriate resolu-
tion and map all value into the histogram. This forms
our joint distributionf (z) to which we then fit a spline
with appropriate smoothness for an approximation of
the joint distribution. We can then identify the first
large peak as the mean value ff(z) and use half
width, half maximum to estimate the standard devi-
ation i.e. the maximum peak df(z) and half of the
width (see Figure 1). The obvious choice would be
full width half maximum, however there is a blending
of in the joint distribution off; (z) and f;" (z) which
gives a thicker tail towards lower intensity values and

3.3 Parametersand Their
I nterpretation

In practice several parameter have to be selected. The
firstis the level at which we are willing to accept false
positives which is the an expression of the certainty
that a given observation is significantly different from
Ho. This does not in anyway tell us that the class is a
certain kind of tissue or particle, only that this is with
certaintyp different from the null distribution thus the
observation is an outlier.

The testing area has to be selected. This criteria is
mainly driven by the object in question and the back-
ground. Sufficient information about the distribution
of the object and background must be present. The
spatial sampling density has to be selected as well.
In all experiments in this paper we have up-sampled
the image by a factor of 10-100 which also yields an
equal sub-pixel resolution of the method. Usually the
test is based on £0- 10° samples and in a 100 bin
histogram which ensures smooth estimaté (@ and
enough resolution for gray values. In practitg)

is approximated by a spline thus the smoothness has
to be selected for good estimation ff (z) and can
compensate for low number of sample.

4 EXPERIMENTS

We have applied the method to 3 sets of data. Small
particles obtained with high magnification, 2D slices
of brain MRI for segmentation of the Corpus Callo-
sum and a standard checker board for image calibra-
tion with highly varying intensity values. These 3 di-
verse applications show the versatility of this simple
but robust method. For all examples we have shown
the sampling area in the sampling resolution for both
segmentation and object.

4.1 Particles

For characterization of powders, droplets etc the size
and shape of the objects are very important. In or-
der to do a good classification the particles need to be
found and properly segmented. The method is well
suited for images where the light source changes in
intensity and distribution locally (e.g. shadows) and
globally (e.g. illumination) from frame to frame in

a series of images, cases where robust estimate for
background removal can be difficult to obtain. In ad-

a much more conservative estimate of the standard de-dition some patrticles may partially shadow other par-

viation (see Figure 1). The estimation &f () is a
good place to apply prior knowledge of the distribu-
tions such as ordering etc.

ticles thus making the global background removal in-
capable of segmenting the particle in question. The
method has been tested on 3 types of particle images.

217



VISAPP 2010 - International Conference on Computer Vision Theory and Applications

o

o

Figure 4: The images show the particle at 6 different dis-
i . tances to the focal plane, with the las image being of the
(a) The particle (b) The segmentation particle in focus. Below are the segmentations of each od
the images in the same order. The images show that the par-
8000 ; ; ; ; ; ; ticle can be segmented even if the signal is very vague and
' the glare point is correctly classified as a part of the plartic

7000

6000 -

4.1.2 Shadowing Effect
5000
We have preprocessed all images with multi scale
blob detection (Bretzner and Lindeberg, 1998) such
that we have rough estimate of the size and location
of the blobs. This is sufficient to perform the segmen-
tation. The data consists of movie sequences obtained
with 5 times magnification of semi transparent parti-
— cles of 100, 50, 25 and @m in a water solution and
1000 ‘ ‘ ‘ ‘ ‘ ‘ used for illustration of handling of shadowing effects
T without change to the parameters of the algorithm.
Figure 5 show a segmentation performed over sev-
eral frames where a larger particle passes in the back-
Figure 3: A typical segmentation and the corresponding his- ground creating a shadowing effect. The example il-
togram. The green line in the histogram is the estimated lustrates how the methods can handle changes in the
Ho and the red line indicates outlier with the fdr=0.0001 illumination without failure. The threshold was se-

The histogram clearly show how well our assumption of the |ected withp = 0.0001, windowsize of 2& 20 pixel
background following a normal distribution holds. The out- with a sampling resolution of.Q pixel
lier are the particle we segmenting. ' '

A set of LED back lit particles suspended between “ - ‘ ° ° ° .

2 sheets of glass with varying distance to the focus
plane . A tracking scenario with time series of cali- BDDDDDQ
- - -

4000 -

3000 -

2000 -

1000 -

(c) The hypothesis test histogram

brated particles suspended in water and laser back lit
non-uniform particles suspended in water.

- - . o ° - -

4.1.1 Fixed Particle

Figure 5: The figure show a segmentation performed with
the same parameters on the same object subject to changing
shadowing effect caused by a large particle passing in the
background.

We have applied the method to the @%n particles
suspended in water between two sheets of glass in
with different distances to the focal plane. Figure 4
show a 25p m particle at 6 distances to the focal 413 Real Particles
plane. This experiment illustrates the sensitivity of
the method, where even vaguely visible particles can
be segmented without parameter tuning. The thresh-
old was selected on the criteria that the possibility of
a false positive should be less thafD%, the size of
the window is 40« 40 and the sampling resolution in
each direction is 0.1 pixel.

To show how the method handles real world data we
have segmented some particles of some material sam-
ples from the industry. Figure 6 and 7 show two
small examples of such particles. The segmentation
is very good due to the locally very uniform back-
ground, making the distribution of peaked and narrow
i.e. a small standard deviation. Glare points are also
handled very well but there is naturally enough a band
around the glare point where the particle is misclassi-
fied. This is due to the fact that the method is just a
simple threshold without any spatial prior. These gaps
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can be handled by applying an appropriate post pro-that it can be used to derive the exact sub-pixel po-
cessing step. The results in figure 6 was made with sition of the corners creating a robust foundation for
p = 0.0001 and a window of 20Q 200 with a sam-  image calibration. Figure 8 and 9 show the results of
pling resolution of 0.3 pixels and the results in figure the segmentation. The results in Figure 9 was made
7 with a window of 100x 100 same p and same reso- with p = 0.0001 and a window of 10R 100 with a
lution. sampling resolution of 0.3 pixels.

o
o
o

(@) The calibratior{b) The calibration im-
image age with the segmenta-
tion marked

i . Figure 8: The original calibration image. As can be seen
o “ ° ° the intensities varies significantly with the highest vala¢
. the center and decaying radially.

Figure 6: The figure show some real world samples. The
figure show that the segmentation the glare points is han-
dled very well. The small 'gap’ can be fixed by a simple
morphological operation.

(a) The original image

(a) Segmented image (b) Segmentation
part

Figure 9: The changes in gray scale values are handled quite
nicely, but causes the little gap between the two black cor-
ners in the segmentation. This can be close with morpho-
logical operations.

4.3 MRI

(a) Thorigiggmage To illustrate the method on another modality, we have
applied the method to MRI scans of the human human
brain, more precisely the midsagittal plane that con-

* tain the corpus corpus callosum (see Figure 10(a)).
The method has applied to white and gray matter
Figure 7: Some crystal like particles are shown in the figure. sSegmentation and segmentation of the corpus callo-
In spite of the relative low difference between background sum. In the latter case we have a manually segmented
and object and the fact that the samples are semi transparantground truth, thus we can compute the segmentation
the segmentation is good. Even small ones are handled to-grror via the Dice coefficient (Serensen, 1948). The
gether With the largggones. results in Figure 10 was made wifh= 0.01 and a
window of 60x 80 with a sampling resolution of 0.1
4.2 Calibration Images pixels.
Across 40 subject with their Corpus Callosum
We also present some results on calibration images.segmented with the AAM (Ryberg et al., 2006) and
When using a well known structure as the checker- manually corrected we found that local segmentation
board for calibration it is important to exactly locate through large scale hypothesis testing gave an aver-
the corner of the squaresi.e. by morphological opera- age Dice coefficient of 856 with a standard devia-
tions on a segmented image. The proposed methodtion of 0.034. The Corpus Callosum was extracted in
delivers very good segmentation and it is expected the same hypothesis test, however if we use the local
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for segmentation of corpus callosum and gray mat-
ter white matter segmentation. The method is very
robust with respect to changes in intensity across the
image and statistically characterizes the resulting seg-
mentation. We have shown that compared to manual
segmentation of the Corpus Callosum we can achieve
(a) MRI (b) segmentation a dice coefficient of 0.88 on using a mosaic of 5

patches. The method is directly extendable to 3D,

(b) This figure show the result of the segmentation of fig ggg tﬁpefdotf) dlstrtlbugog.t T?}? L}ypc()jt_hesm .test ?r?dt
10(a) using the method proposed in this paper. The red dots S O,u e, extende ,0 Igher dimensions tha
are the segmentation achieved by the AAM and the yellow the one dimensional case discussed here and tested on
the manual segmentation. The read part of the image is theSeveral other types of images. furthermore the algo-
segmentation with the our method. This result show how rithm should be implemented such that it can handle
efficient this algorithm is for local segmentation. multiple classes and segment a whole image at once.

Figure 10: (a)The midsagittal slice from an MRI of a head.
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CONCLUSIONS equal amplitude in plant sociology based on similarity
of speci_es content and its applicat_ion to analyses ofthe
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(d) segmentation(e) segmentation(f) segmentation
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