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Abstract

This dissertation thesis proposes an image processing solution for
nuclear medicine, particularly for the diagnosis of large vessel vasculitis
using FDG-PET/CT imaging. Vasculitis is an inflammatory disease
affecting blood vessels, and FDG is a glucose analog that allows the
visualization of metabolically active cells, such as inflammatory cells,
on PET. We propose a segmentation of the aorta, as a large vessel,
that combines the minimal path approach, 3D curve evolution, and the
GSUBSURF method. Segmentation is used to define precise regions of
interest in the aorta to evaluate disease activity, represented by FDG
concentration in the PET image. For an objective evaluation, we also
segmented the liver and used it as a reference. Additional approaches
are proposed to the routine approach to define regions of interest in
the aorta. Instead of focusing only on the most affected region, we
propose using the aorta’s anatomical segments as regions of interest.
We also propose to use the aorta centerline and segmentation to de-
fine one region of interest for each centerline point. These methods
enable assessment of the overall distribution of aortic inflammation,
including precise identification of the most affected aortic region. The
framework shows promising results, accurately identifying affected re-
gions and aligning with expert diagnoses. It enabled us to demonstrate
a 42.33% reduction in inflammation in a patient with vasculitis, as

shown by pre- and post-treatment FDG-PET/CT imaging.



Abstrakt

Téato dizerta¢na praca navrhuje rieSenia na baze spracovania obrazu
pre nuklearnu medicinu, konkrétne pre diagnostiku vaskulitidy velkych
ciev pomocou FDG-PET/CT obrazov. Vaskulitida je zapalové ochore-
nie postihujice cievy a FDG je analog glukdzy, ktory umoziuje vizual-
izadciu metabolicky aktivnych buniek, ako st zapalové bunky, na PET
snimkach. Navrhujeme segmentéaciu aorty, ako vel'kej cievy, ktoré kom-
binuje pristup minimalnej cesty, evolaciu 3D krivky a metédu GSUB-
SURF. Segmentacia sa pouziva na definovanie presnych oblasti zau-
jmu v aorte na hodnotenie aktivity ochorenia, reprezentovanej kon-
centraciou FDG v PET obraze. Pre objektivne hodnotenie sme tak-
tiez segmentovali pecenr a pouzili ju ako referenény organ. Tradi¢ny
pristup definovania oblasti zaujmu v aorte je rozSireny o nové pris-
tupy. Namiesto zamerania sa iba na najviac postihnutu oblast navrhu-
jeme vyuZit anatomické segmenty aorty ako oblasti zdujmu. TaktieZ
navrhujeme pouzit stredovid liniu aorty a segmentaciu aorty na defi-
novanie oblasti zdujmu pre kazdy bod stredovej linie. Tieto metoédy
umoziuju hodnotenie celkového rozloZzenia aortalneho zapalu, vratane
presnej identifikdcie najviac postihnutej oblasti aorty. Navrhnuté rieSe-
nie vykazuje slubné vysledky, presne identifikuje postihnuté oblasti a
je v silade s diagnozami odbornikov. Umoznilo nam preukazat znize-
nie zapalu o 42,33 % u pacienta s vaskulitidou, ¢o bolo preukdzané na
snimkach FDG-PET/CT pred a po lie¢be.
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1 Introduction

The aorta is the main artery of the human body, carrying oxygen-
rich blood from the heart to the rest of the body. Aortic aneurysm and
acute aortic syndromes are the most common serious diseases affecting
the aorta [18]. Segmentation of the aorta is crucial for various medical
image analyses, including the diagnosis and treatment of large-vessel
vasculitis (LVV). In this work, we focus on the diagnosis of LVV using
FDG-PET/CT nuclear medicine imaging, in which non-enhanced CT
is combined with PET to better localize organs without compromising
PET image quality. LVV is an inflammatory disease that affects the
aorta and can lead to severe complications such as aortic dissection if
left untreated. PET imaging uses radioactive substances (radiotracers)
to visualize metabolic activity within the body and detect abnormali-
ties. FDG is a glucose analog wich show high concentration in metabol-
ically active cells. Increased FDG uptake in the aorta wall is character-
istic of vasculitis in PET [6]. FDG-PET images are interpreted using
visual or quantitative approaches; the latter requires manual definition
of regions of interest (ROIs) in the affected region. The visual analysis
is subject to interobserver bias due to simultaneous contrast, in which
the interpretation of the activity depends on the surroundings. The
manual ROI delineation is laborious and difficult to reproduce. There-
fore, there is a real need to design a fast, precise, and reproducible
approach to define ROIs for interpreting FDG-PET image data. Some
works have addressed these questions before us [15]. The proposed
segmentation approaches include thresholding and region growing di-

rectly applied to the PET image data. These approaches suffer from



poor PET resolution and recurrent noise. Due to the low resolution of
PET images, this work focuses on accurate aortic segmentation from
CT data, and the segmentations are aligned (registered) with the PET
image to define precise ROIs.

Image segmentation is the process of dividing a given image into
regions based on pixel values or locations. Segmentation from CT im-
age data is a complex task due to weak or missing edges and noise.
Thresholding, region growing, and deformable models are widely used
image segmentation approaches, as well machine learning and deep-
learning based approaches [1, 4, 14, 10, 7, 8, 20, 25, 30, 29, 26]. Our
aorta and liver segmentation approaches combine the minimal path
approach, 3D curve evolution, the GSUBSURF model, thresholding,
connected-component labeling, and morphological operations.

We propose a quantitative analysis that compares the aorta’s maxi-
mum standardized uptake value (SUV nax) within the aorta(ROI) with
the mean SUV (SUV can) within a reference organ, in our case, the
liver. In addition to the clinical routine approach that extracts the re-
gion of interest from the most affected region of the aorta, we propose
two alternative approaches. The first approach suggests splitting the
aorta into anatomical segments (ascending aorta, aortic arch, descend-
ing thoracic aorta, and abdominal aorta) and considering each segment
as an ROI. The second approach suggests using the aorta centerline
and segmentation to define one aorta(ROI) for each centerline point.

These approaches yield a distribution of SUV .., along the aorta.



2 Segmentation of the aorta

The proposed aorta segmentation approach comprises three steps.
First, we use the minimal path approach [11] to extract a path within
the aorta. Usually, the minimal path approach does not lead to a cen-
tered path [11, 13]. Therefore, we move the extracted path to the aorta
centerline by a 3D Lagrangian curve evolution model [23]. Finally, the
aorta centerline is used to construct the initial condition for the GSUB-
SURF model [22]. Applying the GSUBSURF model with this initial
condition yields accurate aorta segmentation. An additional algorithm,
based on analysis of the unit tangent vector along the aorta centerline,

is proposed to split the segmented aorta into anatomical segments.

2.1 Path extraction within the aorta

The minimal path approach was introduced in [11] as a global min-
imization formulation of a "modified" snake [14] energy between two
endpoints. Considering a parametric curve I'(s) : Q — R3, the energy

of the model is given by E: A, , — R

E(I‘):/Qw—l-P(l"(s))ds:/QP(F(s))ds (1)

where s is the arc-lenght parameter, P = w+ P is the potential defined
from the image, A, ,, is the space of all curves connecting the starting
point p, and a final point py. The parameter w > 0 is used to control
the smoothness of the curve. At each point p in the image domain, and

for P > 0, the minimal action U,, corresponds to the minimal energy



integrated along a path that starts at ps and ends at p

Ps»P

Up,(p) = jnf < /Q 15d5> = inf E(T) (2)

The authors of [11] showed that U,,, has one global minimum located
at the starting point p, and U, increases from ps to the entire domain
in a front propagation manner. Therefore, U, satisfies the Eikonal
equation

VU, I =P, U, (p) =0. 3)

In this work, similarly to [11], we employ the Fast Marching method
[27] to compute Up,,. The minimal path Iy, p, between any point py
and the starting point ps can be found by back-propagation on the map
Up,- To find Ty, ,,,
Gradient method.

the authors in [13] suggest the Steepest Descent

The definition of the potential function depends on the application.
An effective potential exhibits strong contrast between the regions of
interest, their boundaries, and the surrounding background. For our

application, we propose the following potential function:

i(p0) ~ 19
maz(|1(ps) = 1(g)]) ) 1+ ()

Pp)=|w+ , Vpel (4)

where Z C R?, d = 2,3, is the image domain, I(p;) is the mean image
intensity value in a spherical volume centered at the starting point ps,
and I(p) is the image intensity at point p € Z. The term in parentheses
emphasizes voxels that differ from ps. The second term is a function of
d, which is the distance map computed on the edge image (see [3] for

details). In the best scenario, this potential yields a centered path.



Due to the elongated and variable shape of the aorta, it may happen
that the extracted path does not always lie within the aorta. This
situation occurs more often when the input image has low contrast.
To overcome this problem, we employ the minimal path approach with
keypoints detection [5]. The idea is to update the starting point during
the front propagation, denoted as a keypoint within the aorta, before
the front reaches the final point. The extracted path is then a set of
small paths connecting the detected keypoints.

2.1.1 Results and discussion

In this section, we present the results of path extraction within the
aorta. Fig. 1 illustrates extracted paths using our proposed potential

function P (4) for two different patients.

Figure 1: Extracted paths for two different patients using the minimal
path approach with keypoints detection. The yellow dots are endpoints,
and the found keypoints. The aorta is segmented manually only for

visualization purposes.
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2.2 Path centering - aorta centerline extraction

Due to the low contrast in the input CT image data, some key-
points may be located near the aorta edges, resulting in a path that is
not globally centered. In this section, we use a 3D Lagrangian curve
evolution model, presented in [23], to move the extracted path to the
aorta centerline.

Let T :[0,1] = R3 ' = {r(t,u),u € [0,1]} be an open curve
depending on time ¢ and let r(t,u) = (z(t,u), y(t,u), z(t,u)) be a posi-
tion vector of the curve I' for the parameter « in time ¢t. The discretized
curves are represented by a set of 3D points r?" = (27, y?, 2'), where
i =0,...,m, is the grid points number, and n represents the time step.
The curve evolution model is based on the solution of the following

partial differential equation [23]
Oir — a0sr = pNy, + €0gs1 (5)

where Ny = v — (T - v)T is the projection of the vector field v to
the curve’s normal plane, kN = Ogsr is the curvature vector, o the
tangential velocity, T = Osr the unit tangent vector to the curve,
and e are parameters. The Dirichlet boundary condition is applied to
the model, i.e., the first and last points are fixed.

The evolution of a given is governed by a vector field. For a given
tubular structure, the distance to the edge inside the structure has a
ridge along the centerline, and the gradient of that distance function
points towards the ridge [23]. Therefore, for path centering purposes,
the vector field is defined by v = Vd, where d is the distance function
inside the structure of interest. A suitable tangential velocity « is

presented and described in [23].
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The approximation of (5) by a flowing semi-implicit finite volume

scheme leads to the following numerical scheme [23, 24]
AP i B = A (6)

where the coefficients A7, B}, CI*, and F* are given by

n € 1 n n __ € 1 n
Aj ——E—j)i,%» ¢ ——Wﬂ—ibwé (7)
hy + by
B?:TH—(A?+C?) (8)
R 4 B A + BT
Fl' = 1271“1«? + u(NV)?’i”l—
T 2
1 out n n 1 out n n
ibﬂ_%(ri - ri+1) - §bi_%(ri -1 ). (9)

The equation (6) represents three tridiagonal systems for the z, y,

n
7

and z coordinates of the grid points r}, which represent the evolving

curve points and can be solved using the Thomas algorithm.

2.2.1 Results and discussion

In this section, we present the results of the 3D curve evolution
for path centering. Fig. 2 shows the resulting aorta centerline for 2
different patients. The velocity vector field v is constructed with the
edge image since we do not have the aorta segmentation at this step

(see [2] for details about the edge image ).
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Figure 2: Centered paths (aorta centerline for two different patients)
obtained by evolving the initial paths under the velocity field within

the aorta.

2.3 Generalized Subjective Surface model

Let I : T C R® — R represents the image to be segmented. The
image is filtered by the geodesic mean curvature flow filtering [16].
The GSUBSURF model consists of defining an initial condition and
letting it evolve according to the following advection-diffusion partial

differential equation

Vu
Ut — WaqaV g - VU — waif|VulgV - <W) =0 (10)
where u(X,t) is the segmentation function, g(s) = Hﬁ is an edge

detector function, K > 0 is used to control the edge detection sensibil-
ity, and s = |VI|. The parameters wqq, wq;s € R are used to control
the advection and diffusion parts of the model [22]. The advection

term moves the initial curve toward the edges, while the diffusion term

13



handles the changes in the curve shape during evolution. We solve the
problem in the domain Z x [0,7] and use the following boundary and

initial conditions
u(X,t) =0, VX €0Z, and u(X,0)=u’(X).

The initial segmentation function is typically defined by a peak
located approximately at the center of gravity of the object to be seg-
mented [22]. Therefore, we use the aorta’s approximate centerline ex-

tracted in the section 2.1 to construct the initial condition

1
0 X) =
X = Ty
where d(X) is minimal distance between X and the input path I'. We

X eI cCR?, (11)

use a semi-implicit finite volume scheme [21, 22] to discretize (10). We
denote p the current finite volume and N(p) = {e,w,n, s,t,b} the set
of its neighbors ¢. Let m(p) denote the measure of the finite volume p,
m(epq) the area of a common boundary e,q, and m(op,) the distance

between the centers of p and ¢. The numerical scheme is written as

follows
n+1 n
um(p)—k Z min(vpg, 0) (ul Tt — w1 =
i q p
gEN(p)
n+1 n+1
n m(epq) uq+ — Uy
waif|Vuy|gp Z m(op) IV (12)

q€N(p)

which is a linear system with unknowns u;“rl. We solve it by the
successive over-relaxation (SOR) method.

The Evans-Spruck regularization [22] is used to prevent possible

zero gradients in the denominators:

|Vug, | = [Vug,|e = 1/e? + [Vur, |2, € > 0. (13)
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We use the reduced diamond-cell approximation [22] to compute the
norm of the gradient |Vuy,| and [VI,[. The terms g, and |Vuy|. are
obtained using the average value of [VI,,| and |Vuy, | in neighboring

finite volumes gq.

2.3.1 Results and discussion

In this section, we present the results of the GSUBSURF segmen-
tation. Fig. 3 shows the segmented aorta in a 3D view for two different
patients. The segmentation is stopped when the L? norm between the

previous and current solution is less than a given tolerance 1073.

Figure 3: Segmented aortas for the two different patients, patient 4
(left) and patient 5 (right), by the GSUBSURF model.

We estimate the precision of our aorta segmentation approach us-
ing the mean Hausdorff distance, with ground truth obtained from a
manual segmentation performed in the 3D Slicer. Table 1 shows that

the segmentation results and the reference segmentations overlap, with

15



the maximum mean Hausdorff distance of 2.78 for patient 5, indicating
the worst performance. That value corresponds to 3 voxels in the CT

image and less than 1 voxel in the PET image for patient 5.

Table 1: Hausdorff distance of segmentation results

Patients 1 2 3 4 5 6
MHD 1.85 22 | 1.57 | 172|278 | 1.9

2.4 Split the aorta into segments

We propose an algorithm to split the aorta into anatomical seg-
ments. A simple model of a healthy aorta may be viewed as a sequence
of connected tubular structures. The ascending aorta forms an approx-
imately vertical tube, and the aortic arch forms a curved shape and
bridges the ascending and descending aortas. The descending thoracic
and abdominal aortas form a long, straight tube that runs from the
chest to the abdominal area. The abdomen, located under the lungs,
bridges the descending thoracic aorta and the abdominal aorta [9]. This
geometric description of the aorta’s shape can be obtained by analyz-
ing the unit tangent vector along the aorta’s centerline. Considering
a discretized curve represented by sets of 3D points rl* = (22, yP, 2I"),
where i = 0, ..., m, is the grid points number. The curve is parametrized
by the arc length s. A geometrical interpretation of the unit tangent

vector T along the aorta centerline is given by:

e Ascending aorta: positive z-coordinate of the unit tangent vec-

tor. The z-coordinate is close to 1.
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e Aortic arch: the sign of the z-coordinate of the unit tangent

vector goes from positive to negative values.

e Descending thoracic aorta: negative z-coordinate of the unit

tangent vector. The z-coordinate is close to —1.

e Abdominal aorta: negative z-coordinate of the unit tangent

vector. The z-coordinate is close to —1.

To obtain a reliable approximation of the unit tangent vector along
the centerline, we smooth the initial centerline using the 3D curve evo-
lution model

ot — adsr = €dgsr + A(r® — 1) (14)

where r is the evolving curve, r® is the initial curve, kN = O,,r the
curvature vector responsible for the smoothing, and (r® — r) the at-
traction vector that keeps the evolving curve as close as possible to the
initial curve. The parameter € weighs the curvature and A the attrac-
tion term. The model is a 3D extension of the 2D model presented in

[19]. The discretization of (14) is similar to what is done in section 2.2.

2.5 Results and discussion

In this section, we present the results of the split of the aorta into
anatomical segments. Fig. 4 shows the aorta centerline and the seg-
mented aorta for patient 1, divided into segments (portions) obtained
by applying the algorithm presented in section 2.4. The segmentation
in the first image was obtained using GSUBSURF. The segments (in
the second image) are obtained by the intersection between the GSUB-
SURF segmentation and spheres defined at each centerline point and

the aorta local radius.
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Figure 4: Patient 1 aorta centerline split into segments (left). The
corresponding segmented aorta is split into segments (right). Ascending
aorta (red), aortic arch (orange), descending thoracic aorta (blue), and

abdominal aorta (green).

3 Segmentation of the liver

The proposed liver segmentation approach comprises four steps.
First, we apply multilevel thresholding to the input image within the
liver voxel values range, yielding a binary image in which the foreground
voxels correspond to the liver and other structures with similar voxel
intensities. In non-enhanced CT, healthy liver voxel values typically
range from 40 to 60 HU [17]. However, HU values vary with scanner
type and acquisition settings; therefore, we used a broader threshold
range of —30 to 200 HU for our dataset to account for these variations
and include unhealthy livers. In the second step, we apply connected-

component labeling to identify the largest component, which contains
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the liver. In the third step, we apply several times erosion to separate
the liver from neighboring structures. The liver is then extracted from
the binary image as the largest region using the connected-component
labeling algorithm. Erosion significantly shrinks the liver; therefore, we
apply the dilation, in the last step, to refine the liver shape to improve
the detection of the right lobe centroid.

3.1 Results and discussion

In this section, we present the results of our liver segmentation
approach. The left image of Fig. 5 shows the rough liver segmentation
obtained by thresholding, connected-component labeling, and erosion.
As we can see in the rough segmentation, there are holes inside the liver
segmentation due to erosion. The holes may affect the identification of
the liver centroid; that is why the dilation step is performed to fill the

holes and improve the centroid detection (see right image on Fig. 5 ).

Figure 5: Segmented liver after thresholding, erosion, and connected

component labeling (left). Refined segmentation (right) by dilation.
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4 Diagnosis of LVV using FDG-PET /CT imag-
ing

In this section, we present the application of the aorta and liver
segmentations to the interpretation of FDG-PET images. In practice,
physicians resort to quantitative analysis when visual analysis alone is
insufficient to reach a conclusion [12]. Even in visual analysis, some
base their conclusions on comparing aortic uptake in critical regions
against a predefined threshold. This threshold is not very informative
because it depends on multiple factors, including the injected FDG
dose, the waiting time before the scan, and the patient’s health status.
For all these reasons, the quantitative approach, which compares the
aorta maximum SUV (SUV,.x) within the ROI with the mean SUV
(SUVinean) within a reference organ, such as the liver, is preferable [28].

Consequently, our FDG-PET interpretation is based on SUV ratio

SUVi?;t{a(ROI)
SUVatio(ROI) = Sy lver(ROD - (15)
The liver(ROI) is defined as a spherical volume with a 3 cm diameter
in the right lobe [28], which is found by computing the segmented
liver centroid. For the aorta, there are multiple ways to define the

aorta(ROI):

e FEntire aorta segmentation as aorta(ROI): the clinical routine ap-
proach suggests visually identifying the most affected aorta region
and extracting a spherical volume that encompasses the aorta wall
[28]. The analysis yields a single value indicating the severity of

the inflammation.
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o Aorta anatomical segments as aorta(ROI): this approach suggests
splitting the aorta into anatomical segments (ascending aorta,
aortic arch, descending thoracic aorta, and abdominal aorta) and

computing a single value for each segment.

e One aorta(ROI) per centerline point: this approach suggests us-
ing the aorta centerline and segmentation to define one aorta(ROI)
per centerline point. Each centerline point is assigned the dis-
tance to the closest aorta boundary point and corresponds ap-
proximately to the aorta radius in that region. We increase this
distance by two PET voxel sizes to ensure that a sphere centered
at that centerline point locally encompasses the aorta boundaries,
since the inflammation is located in the vessel wall (see Fig. 6).
The exact segmentation around the current centerline point is
then obtained by the intersection between the defined sphere and

the aorta segmentation.

4.1 Results and discussions

In this section, we present the results of segmentation of the aorta
and liver for the diagnosis of large vessel vasculitis using FDG-PET/CT
data. Fig. 6 shows the SUV distribution in the aorta for patients 1
and 2. Based on visual analysis, one can conclude that for patient 1,
the most affected regions are the descending thoracic and abdominal
aortas. For patient 2, however, we observe high concentrations across
all segments. In both cases, the visual analysis alone is not enough to
identify the "most" affected segment.

Furthermore, when observing the distribution of SUV in the aorta

21



for patient 2, one might be tempted to conclude that inflammation is
extensive. However, when examining the SUV .40, i.€., the comparison
of the SUV ,ax in the aorta and SUV ean in the liver it becomes clear

that the maximum value of that distribution is not as high as one might
think (see Table 2).

Figure 6: Aorta segmentation from PET image data for patient 1 (left)
and patient 2 (right).

Table 2 shows the SUV,.ti, in each aorta anatomical segment for
the same patient before and after treatment (patients 1 and 2). The
most affected region, both before and after treatment, is the descending
thoracic aorta. The quantitative approach, as we suggest, allows us to
identify the most affected region of the aorta. The SUV i, decreases
significantly in all the segments after treatment, indicating a reduction

in inflammation.
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Table 2: Maximum SUV ratio per aorta anatomical segment for a pa-

tient before and after treatment (patients 1 and 2).

Ascending | Arch | Descending | Abdominal
SUViatio P1 1.63 1.83 2.15 1.98
SUV,atio P2 1.02 1.08 1.24 1.17

Table 3 shows the change of SUV within the liver and the aorta for
the same patient before and after treatment. We note an 8.44% change
in the liver ROI after treatment. This confirms the fact that considering
a threshold to assess vasculitis is not objective. On the other hand, we

observe a 42.33% reduction in aortic inflammation after treatment.

Table 3: SUV variation within the aorta and the liver for a patient

before and after treatment

Before | After | % variation

SUVIverROL 9 37 | 257 18.44
SUVartaROD 19 15 [ 1 94 4233

In Fig. 7, the x-axis corresponds to the number of points in each
aorta centerline, ordered from the aortic root to the iliac bifurcation.
The background colors indicate the aorta segments presented in Fig. 4.
The y-axis corresponds to the calculated SUV ,4i0. The gray line (dashed)
corresponds to a ratio equal to 1. The graph before treatment indi-
cates that vascular uptake significantly exceeds liver uptake along the

aorta. This result suggests that the inflammation is very extensive and
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a treatment is required. In contrast, the post-treatment graph shows
lower ratios and regions with higher liver uptake. We can conclude that

the treatment positively affects aortic inflammation.

Patient 1 4 Patient 2

—— SUV,.4(ROI) = SUV.ii0(ROI)
— == Reference ratio === Reference ratio

max = 2.15
v

| I | | | | | !
100 200 300 400 0 100 200 300 400
Centered path points Centered path points

of

Figure 7: SUV,atio along the aorta for the same patient before treat-
ment (left) and after treatment (right). The background colors corre-

spond to the aorta segments presented in Fig. 4.

5 Conclusion

In this dissertation, we proposed an image-processing pipeline for
diagnosing large-vessel vasculitis using FDG-PET/CT image data. It
is a semi-automatic approach that segments the aorta and the liver
from CT images to define precise ROIs in PET images. Disease activ-
ity is evaluated within these ROIs to assess vasculitis. Our proposed
approach yields significant improvements in results by refining ROI
definition and enabling easy reproducibility. The framework is built
on mathematical models that have proven effective in image process-

ing. In contrast to Machine Learning and Deep Learning approaches,
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which have become increasingly popular in recent years, we propose

a method that does not require a large dataset, particularly because

medical images are difficult to access due to patient data protection

constraints.
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