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Advanced image segmentation

Advanced image segmentation methods:

Multimodal image segmentation

Atlas based segmentation

Deformable models

Level sets

Neural networks - deep learning




Multimodal (multispectral) segmentation

Use multiple imaging datasets for segmentation:

* Use same image acquired over time
e E.g.4DCT

* Use different (multimodal) imaging for the same patient
« CT/MR
e Other examples

The pre-requisite is that imaged are perfectly registered (overlaid) = this may
be critical when using different images acquired with different scanners. Dual
scanners are less sensitive to this effect

Filtering can be used to optimize performance




Multimodal segmentation
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Med Phys. 2007 Dec;34(12):4738-49.




Same image over time

(a) (b) (c) (d)

Fig. 1. Pixel-based intensity projection protocols from four-dimensional computed
tomography (CT) data sets of a mobile tumor, illustrating (a) separate phases of the four-
dimensional CT, (b) maximum intensity projection, (c) minimum intensity projection, and
(d) mean intensity projection.

https://doi.org/10.1016/j.ijrobp.2005.05.045



Same image over time

All phases

https://doi.org/10.1186/1748-717X-4-4




https://doi.org/10.1016/j.neuroimage.2017.02.016

Fig. 5. Results of the paired t-tests of multimodal segmentation models vs. T1-only segmentation
calculated on the modulated warped CSF images. Each row represents the results of one
multimodal segmentation combination (same 7 slices shown in the Inline Supplemental Figure 1-6).
In blue areas with significantly less CSF and in red-yellow significantly more CSF compared to T1-
only segmentation are shown. The t-score is coded in the color intensity.
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Multimodal imaging

1

Fig.1: Glioma sub-regions. Shown are image patches with the tumor sub-regions that are
annotated in the different modalities (top left) and the final labels for the whole dataset
(right). The image patches show from left to right: the whole tumor (yellow) visible in T2-
FLAIR (Fig.A), the tumor core (red) visible in T2 (Fig.B), the enhancing tumor structures
(light blue) visible in T1Gd, surrounding the cystic/necrotic components of the core (green)
(Fig. C). The segmentations are combined to generate the final labels of the tumor sub-
regions (Fig.D): edema (yellow), non-enhancing solid core (red), necrotic/cystic core
(green), enhancing core (blue)

|IEEE Transactions on Medical Imaging (34, 10, Oct. 2015 )Page(s): 1993 - 2024 . e



Multimodal imaging

Include biological activity (PET) in tumor segmentation

GTV-CT
GTV-PET
— GTV-PET/CT

Med Phys. 2007 Dec;34(12):4738-49.
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Atlas-based segmentation

« Performing segmentation on novel data using the knowledge of a prior
segmentation

« The key component of atlas-based segmentation is a database, (i.e., the so-
called atlas), containing image data with delineated contours of the structures
(organs) of interest

« Atlas contours must be transferred to the image data of a new patient by
deformable image registration (DIR)

IOI: 10.1177/1533034617691408
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Atlas availability

RTOG

FOU N DAT' o N'-z—' Contact Us | Data Center Logon | Site Tools | Search GO
N Data Center Alert!
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*Anorectal
*Bladder Atlas
*Brachial Plexus Contouring Atlas
*Breast Cancer Atlas https://www.rtog.org/Corelab/ContouringAtlases.aspx
*Female RTOG Normal Pelvis Atlas
*GYN

*H & N Atlases
*Hippocampal Sparing

*Male RTOG Normal Pelvis Atlas

*Pancreas Atlas

*Prostate Pelvic Lymph Nodes

*Prostate Post-Op

*RTOG Extremity Soft Tissue Sarcoma Atlas

*Lung Atlas

*Upper Abdominal Normal Organ Contouring Consensus
*RADCOMP Breast Atlas

*Vulvar Cancer Atlas
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Atlas segmentation strategies

Single-atlas Multi-atlas
auto-contouring auto-contouring
DIR,
contour
contour
warping
Contour
Y consensus *
Patient image Patient image

Note: a single atlas may be the average of multiple cases

Selection of
single atlas
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Combination of different atlases

Results can be optimized by using several template images:
e Each one associated to manual segmentations

e Register each one on the patient to delineate

e Combine segmentations on the patient

Segmentation combination becomes the key:

e Getting rid of mis-registered images

e Equal weighting of each image: majority voting (MV) = consider a voxel in
the final segmentation if the majority of atlases includes it

e Probabilistic selection of the images to be used for segmentation, with
embedded measure of reliability (e.g. STAPLE algorithm)




The STAPLE algorithm

IEEE TRANSACTIONS ON MEDICAL IMAGING, VOL. 23, NO. 7, JULY 2004

Simultaneous Truth and Performance Level
Estimation (STAPLE): An Algorithm for the
Validation of Image Segmentation

Simon K. Warfield*, Member, IEEE, Kelly H. Zou, and William M. Wells, Member, IEEE

« STAPLE is an expectation-maximization algorithm: considers a collection of
segmentations and computes a probabilistic estimate of the hidden, implicit, true
segmentation and a measure of the performance level achieved by each
segmentation

 The probabilistic estimate of the true segmentation is formed by estimating an
optimal combination of the segmentations, weighting each segmentation
depending upon the estimated performance level

IEEE Trans Med Imaging. 2004 Jul;23(7):903-21




The STAPLE algorithm

Let us assume we have an image with N voxels and R different binary segmentations of
the same structure, each of them characterized by its own sensitivity / specificity:

p = (p1, vy ...,pR)T sensitivity (true positive fraction)
q = (q4,95, ...,qR)T specificity (true negative fraction)

Let D be an N x R matrix describing the binary decisions made for each segmentation at
each voxel of the image

Let T be an indicator vector of N elements, representing the hidden binary true
segmentation

- (D, T) is the complete data and f (D, T|p, q) is the probability mass function




STAPLE: estimation problem algorithm

* Probability mass function: f (D’ T | P Q)

* Binary ground truth T; for each voxel i
* Expert ] makes segmentation decisions D;

© pj= P(Dij =1 |Tl- = 1) € [0,1] sensitivity (true positive fraction)
c qj= P(Dij =0 |Tl- = 0) € [0,1] specificity (true negative fraction)

We assume that the segmentation decisions are all conditionally independent:

(Di| T pjq;) L (Diji|Topjnq;) Vi #]'

This model expresses the assumption that the raters derive their segmentations of the
same image independently from one another and that the quality of the result of the
segmentation is captured by the sensitivity and specificity parameters




STAPLE: estimation problem algorithm

 We observe expert decisions D. If we knew ground truth T, we could construct
maximum likelihood estimates for each expert’s sensitivity (true positive
fraction) and specificity (true negative fraction):

p,q=argmaxin f (D, T|p,q)
p.q
* Let us define:
T .
9]=(p],q]) ) V]E].,...,R

9 - [91, 92, ver ) 9R]

Then the problem can be stated as:

Py

0 =arg mglxlnf(D,T|9)

AAAAAAAAAA



STAPLE: expectation maximization

e Since we don’t know ground truth T, approximate it by its conditional
expectation given the observable data D, using the current estimate of 6

* The process requires two basic steps:

— E-step: Estimate probability of hidden ground truth T given a previous
estimate of the expert quality parameters 8, and take expectation.

— M-step: Estimate expert performance parameters by comparing D to
the current estimate of T.




STAPLE: binary input

Probability of the true segmentation at voxel | being equal to one (iteration k)
\Nik = f (T, =1] Di’pk’qk)
H f(Dij T =1 plj(’qu()f (T; =1) }
J

ZTi’H F(D; T p?,qjk)f (T:) }

f (T; = x) is independent of
D;, pXand gk

a* + B
where ak - f(Tl :1)HjZDij:1 plj(HjZDijZO (1_pij()
ng =1(T, :O)Hj:Diijqu(Hj:Dijzl(l_qu()

AAAAAAAAAA
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STAPLE: performance estimate

Zi:Dijzlwik T Zi;DU_:oWik
D oo 1= W)
v Zi:Dijzl(l_Wik)_I_Zi;Dij:o (1-W)

p (sensitivity, true positive fraction) : ratio of expert identified class 1 to total
class 1 in the image.

g (specificity, true negative fraction) : ratio of expert identified class O to total
class O in the image.

AAAAAAAAAA

NNNNNNN



Segmentation example

I

(a) Tlw MRI (b) STAPLE estimate (c) Segmentation 1

(d) Segmentation 2 (e) Segmentation 3 (f) Segmentation 4




Segmentation comparison

Image Expert Student
segmentation segmentations

Image Expert Voting STAPLE
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Atlas customization

* An atlas can be customized by including cases
that match more closely with the new image to
be segmented

Example from breast image segmentation
b. Post-mastectomy * Segmented structures, such as breasts, heart,
Non-reconstructed esophagus, trachea, liver, kidneys, stomach,

b : lungs, brachial plexus, and supraclavicular nodes

e Comparison of generic (Gen) vs. specific (Spec)
atlas

* Evaluation of single vs. multi-atlas segmentation
using STAPLE (GenS and SpecS)

» Single atlas furtherly specialized with additional

"Post-mastectomy keywords (SpecK)
Surgical reconstruction

c

4

Breast. 2017 Apr;32:44-52
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Atlas customization: additional keywords

Multiple variables considered in the customization: conservative / non conservative
surgery, right / left breast, patient size, contro-lateral breast volume, breast prosthesis,
breast expander

Table 1

Characteristics of patients collected in the sub-libraries and relative keyword distribution. The column “Number of patients” is the total of patients corresponding to the
columns “Surgery”, “Tumor side” and “Patient size”. Each of the descriptive keywords (“Contralateral breast volume”, “Breast prosthesis” and “Breast expander”) refers to the
corresponding number of patients. Patient size was derived from thoracic circumference: the distribution of the radius of the sphere equivalent to the volume of the axial slice
at the sub-mammary fold level was used to distinguish between small size (under 33rd percentile), medium size (between 33rd and 66th percentile), and large size (beyond
b6th percentile). The median value of the contralateral breast volume distribution was used to distinguished between small (S) and large (L) contralateral breast volume.

Surgery Tumor side Patient size Number of patients Keywords
Contralateral Breast Breast
breast prosthesis expander
volume
S L yes no yes no
Non-conservative breast surgery Right Small 21 19 2 6 15 10 11
Medium 18 9 9 7 11 11
Large 15 3 12 3 12 10
Left Small 21 20 1 3 18 12 9
Medium 19 ] 13 ] 13 8 11
Large 16 3 13 4 12 2 14
Conservative breast surgery — Small 19 12 7 — — — —
Medium 29 10 19 — — — —
Large 20 1 19 - — - —
Patients not included in the sub-atlases 22 - - - - - -

Breast. 2017 Apr;32:44-52
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Atlas customization: results

Table 4

Median center of mass distance (CMD), average Hausdorff distance (AHD) and Dice similarity coefficient (DSC) at varying organs at risk obtained from different atlases
in non-conservative-surgery patients. Corresponding p-value deriving from Kruskal-Wallis test among atlases is shown. Statistically significant p-values (<0.05) are
highlighted in bold. Corresponding superior results are highlighted in licht grey.

Non-conservative-surgery group

Heart Esophagus Liver Right breast Left breast Spinal cord Right lung Left lung Kidney Stomach Brachial plexus SCV  Chest wall

CMD (mm) Gen illii 5.79 293 6.78 7.24 14.31 0.70 1.18 5.16 10.63 7.78 6.72 9.03
Gen5s 4.58 448 4.72 7.98 9.63 087 0.82 342 10.89 6.69 727 612
Spec 5.79 3.47 589 5.74 9.03 077 0.90 11.64 834 6.13 478
SpecS 4.83 3.53 467 5.04 10.13 087 0.94 ﬁ 11.49 7.70 5.89 il |i
SpecK 2.05 5.79 316 4.93 4.47 11.75 082 0.93 6.83 14.54 8.14 8.04
p-value 0.035 0.291 0221 0410 0212 0.144 0.436 0.551 0.002 0810 0.942 0435 0.045

AHD (mm) Gen 061 1.93 1.31 3.00 0.08 0.11 4.37 488 2.21
Gen5S % 0.86 1.35 2.03 2.04 0.07 0.10 ﬁ 4.27 443 1.64
Spec 0.43 ilii 062 1.31 0.92 2.46 0.08 0.10 ilii 4.50 5.68 2,77
Specs  0.27 0.78 1.96 0.08 0.09 4.64 530 2.37 _
SpecK 0.47 2.07 0.52 w 3.08 0.08 0.11 1.86 5.55 5.01 2.81
p-value 0.002 0.000 0.098 0.026 0.009 0286 0.986 0.575 0.000 0771 0.760 0.005 0.004
DSC Gen 090 0.75 0.79 0.69 097 0.96 0.60 017 0.64
GenS % 0.87 0.82 0.77 0.73 097 0.97 ﬁ 0.56 0.16 0.73
Spec 0.89 0.90 0.79 0.69 097 0.96 0.52 0.14 0.43
Specs 0.92 ﬁ 0.88 0.1 h 0.73 097 0.97 ﬁ 0.52 0.11 0.47 h
SpecKk 089 045 0.90 0.78 0.70 097 0.96 0.76 0.49 0.14 0.43
p-value 0.001 0.005 0.078 0.340 0.01 0.132 0.970 0.197 0.001 0458 0.579 0.017 <0.001

Overall results:
« Multi-atlas segmentation best performing
» Specialized atlas brings advantage in breast — chest-wall segmentation

Breast. 2017 Apr;32:44-52



Deformable models

Consider multiple representations of a given segmentation (surface mesh).
The average shape of the segmentation is given by:

where V; is the i-th surface mesh (X;; X, Xi,), X;; is the coordinate of the j-th vertex for
the i-th surface mesh (a mesh with triangular patches is typically used).

The shape S of a given organ can be written as:

m
S = ﬁ+quMl
i=1

Where @ is the weighting factor of deformation mode M,




Deformable models: PCA

Principal components analysis (PCA)
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Deformable models: internal energy

Models are deformed as a function of specific internal / external energy terms:

where:
* x; and fo are the vertices of currently deformed mesh

* N(i) is the set of vertices connected to the i-th vertex by one
triangle edge

e Sisascaling factor (between mean mesh and currently deformed
mesh

* Risthe rotation matrix (point-based registration between mean
mesh and deformed one

AAAAAAAAAA



Deformable models: external energy

Eext = z Wi [eAI(xi, - pi)]z
i

Where ey, is the unit vector in the direction of
the image gradient at p;, p; is the attractor point
in the target image near mesh triangle i, x; is the
position of the center of mass of that triangle
and w; is the weighting factor

When searching for a deformable mesh at
minimal external energy, the distance of the
triangle from the attractor point along the image
gradient is minimized (freedom in the orthogonal

place)




Deformable models: optimization

E =FEext + aEip; + IBEusr

* Where E is an optional energy term associated with user-labeled weak attractors
and a, B are adjustable weighting factors.

* The user first adjusts the initial mesh manually (e.g. translate, rotate)

* The search is conducted along the direction normal to the center of each triangle, until
an attractor point p; is found

e Iterative minimization of E leads to the final segmentation




Deformable models - example

FIGURE 10.5 Top row: Axial, sagittal, and coronal slices showing initialized meshes for the breasts and structures in the thorax. Bottom row:
Unedited meshes after automatic segmentation. (Courtesy of Philips Medical Systems.)



Level sets

The level set method is a numerical solution for processing morphological
changes of segmented contours

Contours are treated as time-dependent high dimensional functions ®(x, y, z, t)

A generic contour C at time tis given by:

C(t) ={(x,y,2) | p(x,y,2,t) = 0}

The function ®(x, y, z, t) evolves such that:

6\CI)—|VCIJ|V-I-F ®

Where V is the evolution speed function and F(0) is a knowledge-based force
constraint Y N

AAAAAAAAAA



Level sets: speed function

V is the evolution speed function, normally taken as a function of curvature k and image
gradient

Example:

_ k+V
1+|V(G,R0)|

Where V, is constant, and the image intensity | is smoothed by a Gaussian filter (standard
deviation o) before gradient computation.




Level sets: contour evolution

Contour evolution
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(a) Binary image (b) Evolving contour (c) Stationary contour




Level sets — example 1

FIGURE 11.4  Application of the level set segmentation to NSCLC. () PET/CT lung image and ROI selected for processing, (b) Deblurred PET
lesion using deconvolution. (c) Initialization of the level set with a small circle. (d) Resulting contour with level set using gradient-based ap sroach
(converged after 100 iterations). (¢) Resulting contour with level set using edgeless-based approach after 40 iterations (yellow) and 100 itei ations
(red). Note how the edgeless-based approach has better capturing ability of the lesion boundary in this case.
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Level sets — example 2

|

FIGURE 119 Example of tracking tumor changes during radiotherapy using a level set based approach. The GTV is shown in green, PTV in
brown. 2nd the active model estimate in red. (2} Pretreatment 3D scan. {b} and (<) Recoastructed mid-treatment and end-of-ireatment scans,
respectively, from the D CT data at end of exhalation phase as reference. Note the accurate capturing of tumor boundary by the level set approzch
at these time points by propagating the GTV.
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Segmentation with neural networks

Hidden

Input O
7 Output
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Segmentation with neural networks

Classification
(segmentation)

e Segmentation will be possible if the parameters of the
network are trained so that each voxel is classified in the
right structure

* The weights of the connection between different neurons
are the parameters of the network

* Assume 3 hidden layers and D = N, x N, x N,
The number of parameters P is given by:
P=3D2+D

e Forasmall32x32x1image:

P =3x32%+322=3 x10°
Image voxels —

AAAAAAAAAA




Reduction of parameter space: CNNs

Convolutional Neural Network
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https://doi.org/10.1016/j.semradonc.2019.02.001
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//doi.org/10.1088/1361-6560/aa9262
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DSC=10.75 DSC =0.84 DSC = 0.87

Figure 7. Examples of the segmentation results for four cases from the database. The
results are shown in comparison to the original CT images (first raw) using axial (second
raw) and coronal (third raw) cross-sections with segmentations. The Dice coefficient

for each case is given in the fourth raw. The overlap between manual and automatic i
segmentation is colored in green, and mis-segmentations are colored in red.
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Atlas vs. deep learning

* With a median time of 20 min for manual contouring, the total median time saved was
7.8 min when using atlas-based contouring and 10 min for deep learning contouring
* Both atlas based and deep learning adjustment times were significantly lower than

manual contouring time for all OARs except for the left lung and esophagus of the atlas
based contouring

Example cases showing manual contour (MC, red), atlas-based contour (AC, blue) and the deep

learning contour (DLC, yellow) for left lung (A) the esophagus (B) and heart (C)

https://doi.org/10.1016/j.radonc.2017.11.012



