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dividing each first OCT training image (11) into OCT training image sections (QT-Q4'), in particular quadrants, located around the
center point (C) of the respective first OCT training image (11), thereby obtaining a plurality of OCT training image sections (QT-
Q4"), d) assigning a classification information (Al- A4) to each OCT training image section (QT-Q4"), the classification information
(A1- A4) classifying the respective OCT training image section (QT-Q4') with respect to vascular tissue, in particular with respect to
neointima, of the blood vessel represented in the respective OCT training image section (QT-Q4'), and ¢) training the first artificial
neural network (1), which comprises an input layer (1a) and an output layer (1 b), the training comprising: i) inputting the plurality of
OCT training image sections (QT-Q4') at the input layer (1a), ii) obtaining, for each inputted OCT training image section (QT- 04'), an
output classification information (01-04) at the output layer (1b), the output classification information (01-04) classifying the respec-
tively inputted OCT training im- age section (QT-Q4') with respect to vascular tissue, in particular with respect to neo- intima, of the
blood vessel represented in the respectively inputted OCT training image section (QT-Q4'), and iii) comparing, for each inputted OCT
training image sec- tion (QT-Q4'), the output classification information (01-04) with the classification in- formation (A1-A4) assigned
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to the respectively inputted OCT training image sec- tion (QT-Q4"), in particular by computing a loss function X which quantifies a
difference between the classification information (A1-A4) assigned to the respectively inputted OCT training image section (QT-Q4')
and the output classification information (01 to 04).
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Method and apparatus for processing OCT images of vascular tissue,

in particular neointima, and system for OCT imaging of vascular tissue

Description

The present disclosure relates to a method and an apparatus for processing optical coher-
ence tomography (OCT) images of vascular tissue, in particular neointima, and a system

for OCT imaging of vascular tissue.

Interventional revascularization by percutaneous coronary intervention with stent implan-
tation is an important treatment option for patients with obstructive coronary artery disease.
Despite significant advancements in contemporary drug-eluting stents (DES), a proportion
of patients still experience stent-related events such as in-stent restenosis or stent throm-
bosis in the long-term. The development of mature and healthy stent-covering neointima
is critical to prevent these adverse events. However, delayed vascular healing can impair
neointimal development and contribute to stent failure. Hence, immature or diseased ne-
ointima plays a significant role in a substantial portion of cases with stent failure. Optical
coherence tomography (OCT) is a high-resolution intravascular imaging modality that pro-
vides detailed visualization of the coronary vasculature and can be used to assess the
mode of stent failure. Using OCT, neointima can be visualized in vivo and characterized
as homogenous or heterogenous. Previous studies have shown that homogenous neoin-
timal tissue has a favorable phenotype, while heterogenous neointimal tissue may be as-
sociated with de novo atherosclerosis ("neoatherosclerosis™) and a worse clinical outcome.
Therefore, accurate detection and distinction of neointimal tissue is an important step for
identifying patients at risk. However, evaluation of OCT images is time-consuming and
highly dependent on clinician experience, which can limit clinical availability and transfer-
ability. Moreover, the visual interpretation of OCT images by clinicians in daily practice
may result in missing or underestimating relevant pathological changes. Hence, more
standardized approaches to OCT image analysis are desirable.
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It is an object of present disclosure to provide a method and an apparatus for processing
OCT images of vascular tissue and a system for OCT imaging of vascular tissue which are
improved, in particular with respect to the aforementioned needs.

The object is achieved by a computer-implemented method for processing OCT images of
vascular tissue according to the independent claim, an according apparatus for processing
OCT images of vascular tissue, an according system for OCT imaging of vascular tissue
and an according computer program product.

According to a first aspect of present disclosure, a computer-implemented method for pro-
cessing optical coherence tomography (OCT) images of vascular tissue comprises:
a) providing or receiving a plurality of first cross-sectional OCT training images of one or
more blood vessels; b) determining, for each first OCT training image, a center point of a
firstimage segment representing a lumen of the blood vessel in the respective first OCT
training image; c) dividing each first OCT training image into OCT training image sections,
in particular quadrants, located around the center point of the respective first OCT training
image, thereby obtaining a plurality of OCT training image sections; d) assigning a classi-
fication information to each OCT training image section, the classification information clas-
sifying the respective OCT training image section with respect to vascular tissue, in partic-
ular with respect to neointima, of the blood vessel represented in the respective OCT train-
ing image section; and e) training the first artificial neural network, which comprises an
input layer and an output layer, the training comprising: i) inputting the plurality of OCT
training image sections at the input layer; ii) obtaining, for each inputted OCT training im-
age section, an output classification information at the output layer, the output classification
information classifying the respectively inputted OCT training image section with respect
to vascular tissue, in particular with respect to neointima, of the blood vessel represented
in the respectively inputted OCT training image section; and iii) comparing, for each in-
putted OCT training image section, the output classification information with the classifica-
tion information assigned to the respectively inputted OCT training image section.

According to a second aspect of present disclosure, an apparatus for processing optical
coherence tomography (OCT) images of vascular tissue comprises: a receiving interface
configured to receive a plurality of first and/or second cross-sectional OCT training images
of one or more blood vessels and/or to receive a plurality of cross-sectional OCT images
of at least one blood vessel; and a processor configured to process the received first and/or
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second cross-sectional OCT training images and/or the received OCT images, respec-

tively, according to the method of the first aspect.

According to a third aspect of present disclosure, a system for optical coherence tomog-
raphy (OCT) imaging of vascular tissue comprises: an imaging apparatus configured to
acquire a plurality of cross-sectional OCT images of at least one blood vessel; the appa-
ratus according to the second aspect, wherein the receiving interface is configured to re-
ceive the acquired OCT images, and the processor is configured to obtain, for each re-
ceived OCT image, output classification information classifying the OCT image sections of
the respective OCT image with respect to vascular tissue, in particular with respect to
neointima, of the blood vessel represented the respective OCT image, and optionally to
generate classified OCT images, each classified OCT image comprising the output clas-
sification information classifying the OCT image sections of the respective OCT image;
and an output interface configured to output the output classification information, and op-
tionally the classified OCT images, for further use and/or to a user.

According to a fourth aspect of present disclosure, a computer program product comprises
instructions causing i) a computer, computer system and/or distributed computing environ-
ment to execute the steps of the method according to the first aspect, and/or ii) the pro-
cessor of the apparatus according to the second aspect to execute the steps of the method
according to the first aspect.

A preferred aspect of present disclosure is based on the approach of training a first artificial
neural network, herein also referred to as “classification network”, with a plurality of first
OCT training images of blood vessels, wherein each of the first OCT training images is
divided into several OCT training image sections, preferably four quadrants, which are
located around a center point of an image region, also referred to as “firstimage segment”,
representing a lumen or inner cross-section of the blood vessel represented in the respec-
tive first OCT training image. The first image segment can be obtained manually, e.g. by
an experienced clinician, or by applying a conventional computational image segmentation
algorithm to the respective first OCT training image, or preferably by inputting the respec-
tive first OCT training image into a second artificial neural network, herein also referred to
as “segmentation network”, which has been trained according to a method which is de-
scribed in more detail further below. In a next step, each of the OCT training image sec-
tions is classified with respect to the vascular tissue, in particular with respect to neointima,
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represented in the respective OCT training image section. The classification is preferably
done by an experienced clinician, preferably by assigning a respective classification infor-
mation to the respective OCT training image section, for example one out of the following
classes: “homogeneous”, “heterogeneous”, “neoatherosclerosis” or, optionally, “not ana-
lyzable” or “not classifiable”. Preferably, classification information can be assigned as fol-
lows: “homogenous neointima” or “homogenous” is assigned to quadrants with uniform
light reflection without localized areas of stronger or weaker backscattering properties;
“heterogenous neointima” or “heterogenous” is assigned to quadrants with focal variation
of the backscattering pattern including patterns described as “layered", i.e. superficial high
signal intensity with deep low signal intensity; “neoatherosclerosis” is assigned to quad-
rants with superficial high signal intensity with high back-scattering or well-delineated, sig-
nal-poor regions with sharp borders; “not analyzable” is assigned to quadrants without any
neointimal tissue (i.e. uncovered struts or opening of a coronary side branch). The OCT
training image sections of the first OCT training images are, preferably sequentially or
simultaneously, inputted into the first artificial neural network, which outputs an output clas-
sification information classifying the respectively inputted OCT training image section with
respect to the vascular tissue, in particular neointima, represented in the respectively in-
putted OCT training image section. The respective output classification information, which
preferably relates to one of the aforementioned classes, is compared with the classification
information assigned to the respectively inputted OCT training image section.

Preferably, comparing the output classification information with the respective classifica-
tion information comprises determining, in particular computing, a loss function which
quantifies a difference between the expected outcome (i.e. the classification information
assigned to the respectively inputted OCT training image section) and the outcome (i.e.
the output classification information) produced by a machine learning model of the first
artificial neural network. Preferably, the first artificial neural network is adapted and/or up-
dated based on the result of the comparison. For example, gradients which are used to
update the weights of the machine learning model can be derived from the loss function.

The first artificial neural network trained in this way can be advantageously used as a fully
automated deep learning-based algorithm that enables an accurate characterization of
neointimal tissue characteristics and, therefore, provides quick, reliable and observer-in-
dependent decision support.
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In summary, present disclosure provides an improved method and apparatus for pro-
cessing OCT images of vascular tissue and system for OCT imaging of vascular tissue.

According to a preferred aspect of present disclosure, a second artificial neural network,
which comprises an input layer and an output layer, is trained by: i) providing or receiving,
for each of a plurality of second cross-sectional OCT training images of one or more blood
vessels, a segmented training image, each segmented training image including a first im-
age segment representing a lumen of a blood vessel in the respective second OCT training
image, and, optionally, at least one second image segment representing vascular tissue,
in particular neointima, of the blood vessel in the respective second OCT training image,
and, optionally, at least one third image segment representing one or more components,
in particular one or more struts, of a stent contained in the blood vessel in the respective
second OCT training image; ii) inputting the second OCT training images at the input layer
of the second artificial neural network; iii) obtaining, for each inputted second OCT training
image, an output segmented training image which is outputted at the output layer of the
second artificial neural network, the output segmented training image including a first im-
age segment representing a lumen of a blood vessel in the respectively inputted second
OCT training image, and, optionally, at least one second image segment representing vas-
cular tissue, in particular neointima, of the blood vessel in the respectively inputted second
OCT training image, and, optionally, at least one third image segment representing one or
more components, in particular one or more struts, of a stent contained in the blood vessel
in the respectively inputted second OCT training image; and iv) comparing, for each in-
putted second OCT training image, the output segmented training image with the seg-
mented training image of the respectively inputted second OCT training image.

The above aspect is preferably based on the approach of training a second artificial neural
network, herein also referred to as “segmentation network”, with a plurality of second OCT
training images of blood vessels. For each second OCT training image, a segmented train-
ing image is provided and/or predefined, for example by applying a conventional compu-
tational image segmentation algorithm to the respective second OCT training image and/or
by having the segmentation of the second OCT training image performed manually, for
example by an experienced clinician. Each of the segmented training images comprises
one or more image segments, wherein a first image segment represents a lumen of a
blood vessel represented in the respective second OCT training image, and an optional
second image segment represents vascular tissue, in particular neointima, of the blood
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vessel. Optionally, at least one third image segment represents one or more components,
in particular one or more struts, of a stent contained in the blood vessel represented in the
respective second OCT training image. The second OCT training images are, preferably
sequentially or simultaneously, inputted into the second artificial neural network, which
outputs, for each of the respectively inputted second OCT training image, an output seg-
mented training image comprising at least two different image segments, wherein a first
image segment represents a lumen of a blood vessel represented in the respectively in-
putted OCT training image and an optional second image segment represents vascular
tissue, in particular neointima, of the blood vessel. Optionally, at least one third image
segment of the output segmented training image represents one or more components, in
particular one or more struts, of a stent contained in the blood vessel. The output seg-
mented training image is compared with the (provided and/or predefined) segmented train-
ing image of the respectively inputted second OCT training image.

Preferably, comparing the output segmented training image with the respective segmented
training image comprises determining, in particular computing, a loss function which quan-
tifies a difference between the expected outcome (i.e. the segmented training image pro-
vided and/or predefined for the respectively inputted second OCT training image) and the
outcome (i.e. the output segmented training image) produced by a machine learning model
of the second artificial neural network. Preferably, the second artificial neural network is
adapted and/or updated based on the result of the comparison. For example, gradients
which are used to update the weights of the machine learning model can be derived from
the loss function.

It is important to note that the second OCT training images used for training the second
artificial neural network can be, at least partially, the same as the first OCT training images
used for training the first artificial neural network. Alternatively, the second OCT training
images can be different from the first OCT training images. In other words, the second
artificial neural network can be trained by using the same, or at least partially the same,
set of OCT training images as with the training of the first artificial neural network. Alterna-
tively, the second artificial neural network can be trained with a set of OCT training images
which is different from the set of OCT training images used for training the first artificial

neural network.
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The second artificial neural network trained in this way can be advantageously used as a
fully automated deep learning-based algorithm that enables a quick, accurate and stand-
ardized segmentation of vascular, in particular neointimal, tissue.

It is, therefore, particularly advantageous to use the trained second artificial neural net-
work, within the training of the first artificial neural network, for an image segmentation of
the respective first OCT training image to obtain at least the first image segment repre-
senting a lumen of the blood vessel in the respective first OCT training image. Accordingly,
in a particularly preferred embodiment the first image segment in the respective first OCT
training image is determined by inputting the respective first OCT training image at the
input layer of the trained second artificial neural network, and obtaining, at the output layer
of the second artificial neural network, i) the first image segment representing the lumen
of the blood vessel in the respectively inputted first OCT training image, and, ii) optionally,
at least one second image segment representing vascular tissue, in particular neointima,
of the blood vessel in the respectively inputted first OCT training image, and, iii) optionally,
at least one third image segment representing one or more components, in particular one
or more struts, of a stent contained in the blood vessel in the respectively inputted first
OCT training image.

In summary, using the trained second artificial neural network for image segmentation in
the training of the first artificial neural network results in a fully automated deep learning-
based algorithm, herein also referred to as "DeepNeo", which enables a particularly accu-
rate automated segmentation and characterization of neointimal tissue characteristics and,
therefore, provides a quick, particularly reliable and observer-independent decision sup-
port.

Yet another preferred aspect of present disclosure relates to a method for classifying OCT
images with respect to vascular tissue, in particular neointima, of at least one blood vessel
represented in the respective OCT image, wherein the method comprises the following
steps: a) providing or receiving a plurality of cross-sectional OCT images of at least one
blood vessel; b) determining, for each OCT image, a center point of a first image segment
representing a lumen of the blood vessel in the respective OCT image; c) dividing each
OCT image into OCT image sections, in particular quadrants, located around the center
point of the respective OCT image, thereby obtaining a plurality of OCT image sections;
and d) inputting the OCT image sections at the input layer of the first artificial neural
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network which has been trained by the method according to the first aspect, and obtaining,
at the output layer of the first artificial neural network, an output classification information
classifying the respectively inputted OCT image section with respect to vascular tissue, in
particular with respect to neointima, of the blood vessel represented in the respectively
inputted OCT image section.

According to this aspect, the trained first artificial neural network is used for classifying
OCT images. Analogously to the training of the first artificial neural network described
above, each OCT image is divided into OCT image sections, preferably four quadrants,
located around a center point of an image segment representing a lumen of the blood
vessel which is presented in the respective OCT image, and the OCT image sections are,
preferably sequentially or simultaneously, inputted into the trained first artificial neural net-
work, which outputs an output classification information classifying the respectively in-
putted OCT image section with respect to the vascular tissue, in particular neointima, rep-
resented in the respectively inputted OCT image section. Preferably, the output classifica-
tion information relates to one out of the following classes: “homogeneous”, “heterogene-

»oou

ous”, “neoatherosclerosis” or, optionally, “not analyzable” or “not classifiable”.

In this way, for each OCT image, a classification of the two or more OCT image sections,
in particular four quadrants, of the respective OCT image is achieved. The classification
information can be outputted to a user, either separately and/or independently from dis-
playing the respective OCT image, e.g. by a message such as “neoatherosclerosis in 3
out of 4 quadrants of image XYZ”, or together with the respective OCT image, e.g. by
showing and/or depicting the output classification information or according symbols, colors
etc. in the respective image section, in particular quadrant, of the respectively displayed
OCT image.

According to another particularly preferred aspect of present disclosure, the first image
segment of the OCT image is determined by subjecting the respective OCT image to an
image segmentation comprising inputting the OCT images at the input layer of the second
artificial neural network, which has been trained by the method according to the second
aspect, and obtaining, at the output layer of the second artificial neural network, i) the first
image segment representing the lumen of the blood vessel in the respectively inputted
OCT image, and, ii) optionally, at least one second image segment representing vascular
tissue, in particular neointima, of the blood vessel in the respectively inputted OCT image,
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and, iii) optionally, at least one third image segment representing one or more components,
in particular one or more struts, of a stent contained in the blood vessel in the respectively
inputted OCT image. According to this aspect, the trained second artificial neural network
is used for image segmentation to obtain at least the first image segment representing a
lumen of the blood vessel in the OCT image to be classified using the trained first artificial
neural network. In this way, the trained second artificial neural network is advantageously
used as a fully automated deep learning-based algorithm that enables a quick, accurate
and standardized segmentation of vascular, in particular neointimal, tissue in the OCT im-
ages to be classified by the trained first artificial neural network.

Preferably, in the context of training the first artificial neural network, the classification in-
formation, which is assigned to each OCT training image section, characterizes the vas-
cular tissue, in particular neointima, of the blood vessel represented in the respective OCT
training image section as to whether it belongs to one out of at least two of the following
tissue classes: homogeneous tissue, heterogeneous tissue, or neoatherosclerotic tissue.
Optionally, a further class, such as “not analyzable”, can be provided to cover cases where
it is difficult and/or impossible to assign a classification information to an OCT training
image section.

Preferably, in the context of training the first artificial neural network or using the trained
first artificial network for classifying OCT images, the output classification information,
which is obtained for each inputted OCT training image section or OCT image section,
respectively, characterizes at least one probability with which the vascular tissue, in par-
ticular neointima, of the blood vessel represented in the respectively inputted OCT training
image section or inputted OCT image section, respectively, belongs, or is considered to
belong, to at least two different tissue classes (in particular homogeneous tissue, hetero-
geneous tissue, neoatherosclerotic tissue, or optionally “not analyzable”).

For example, the output classification information may comprise four probability values
(e.g. 0.1, 0.7, 0.15 and 0.05) adding up to 1 and characterizing the probability with which
the vascular tissue belongs to homogeneous tissue (10% probability), heterogeneous tis-
sue (70% probability), neoatherosclerotic tissue (15% probability), or is not analyza-
ble/classifiable (5% probability).



10

15

20

25

WO 2024/251852 10 PCT/EP2024/065529
As exemplarily illustrated above, the output classification information may be regarded as
a, preferably discrete, distribution of at least two probability values over at least two tissue
classes. Preferably, the at least one distribution of the at least two probability values is
adjusted or adjustable by setting a parameter, in particular a temperature parameter, of a
mathematical function characterizing the at least one distribution so that a difference or
differences between the at least two probability values decrease and/or increase. In this
way, the distribution of the discrete probability values for each of the vascular tissue clas-
ses outputted by the first artificial neural network can be adapted as needed to improve
the performance and/or calibration and/or output of the first artificial neural network, for
example by, at least slightly, “flattening” the probability value distribution such that the dif-
ferences between the respective probability values decreases. This is also referred to as
“temperature sharpening” herein.

For example, a discrete distribution of a probability can be adapted or “sharpened” accord-
ing to:

L

1 L

Sharpen(p, T'); := p; / Zf’f
j=1

where p; is the initial probability calculated by the artificial neural network with which the
current input can be assigned to class i out of a total number of L classes, and T is the
sharpening parameter, also referred to as “temperature parameter” or simply “tempera-

ture”.

Preferably, determining the center point of the first image segment representing a lumen
of the blood vessel in the respective first OCT training image or OCT image, respectively,
includes determining at least one of the following: a centroid of the first image segment, a
center of a bounding box representing the smallest rectangle that completely encloses the
firstimage segment, a center of a medial axis presenting a set of all points that have more
than one nearest point on the boundary of the first image segment, and/or a center of a
predefined shape, in particular a circle or an ellipse, which is fitted to the first image seg-
ment. Preferably, the centroid is the arithmetic mean position of all the points in the first
image segment. It can be preferably calculated as: C_x = (1/n) * Z(x_i) C_y = (1/n) * Z(y_li),
where n is the number of points in the first image segment, and (x_i, y_i) are the
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coordinates of each point in the first image segment. Preferably, the bounding box center
is the center of the smallest rectangle that completely encloses the firstimage segment. It
can be preferably computed by finding the minimum and maximum x and y coordinates of
the first image segment, and then taking the average: C_x = (x_min + x_max) /2 C_y =
(y_min + y_max)/2. Preferably, the medial axis is the set of all points that have more than
one closest point on the first image segment's boundary. It can be thought of as the "skel-
eton" of the first image segment. The center of the first image segment can be approxi-
mated by finding the center of the medial axis, which is typically done by computing the
average of the coordinates of the medial axis points or by finding the point that minimizes
the sum of squared distances to the medial axis points. Preferably, shape fitting involves
fitting a simpler shape, such as a circle or ellipse, to the irregular shape of the first image
segment and then finding the center of the fitted shape. One approach for fitting an ellipse
is to use the method of least squares, which minimizes the sum of squared distances be-
tween the points on the (usually) irregular shape of the first image segment and the fitted
shape. Once the fitted shape is found, its center can be computed using the appropriate
formulas for the fitted shape. By at least one of the above methods, the center point of the
first image segment (lumen) in the respective first OCT training image or OCT image, re-
spectively, can be determined in a particularly reliable way. Based on the determined cen-
ter point, dividing the first OCT training images or OCT images, respectively, into the OCT
training image sections or OCT image sections, respectively, located around the center
point is detected with particularly high precision which further improves both the training of
the first artificial neural network and the classification of OCT images using the trained first
artificial neural network.

Preferably, for at least one of the first OCT training images or OCT images, respectively,
an average output classification information is determined by averaging the output classi-
fication information obtained for an OCT training image section of the respective first OCT
training image or for an OCT image section of the respective OCT image, respectively,
with the output classification information obtained for at least one further OCT training im-
age section or OCT image section, respectively, of at least one neighboring first OCT train-
ing image or OCT image, respectively. In this way, the predictions of the first artificial neu-
ral network, i.e. the output classification information, are averaged over two or more neigh-
boring and/or surrounding image sections, in particular quadrants, of two or more neigh-
boring and/or surrounding first OCT training images or OCT images, respectively. Hereby,
spatial dependencies can be taken into account in a simple and reliable way.
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Further aspects, advantages, features and examples of the present disclosure will be ap-
parent from the following description of following figures, wherein:

Fig. 1 shows a schematic illustrating an example of neointimal tissue characterization;

Fig. 2 shows examples of an automated characterization of OCT images;

Fig. 3 shows examples of a 3D reconstruction of neointima, lumen and stents (1), a 3D
reconstruction of neointimal tissue prediction (2), and sample frames (3);

Fig. 4 shows an example of a user interface;

Fig. 5 shows a schematic illustrating an example of training the first artificial neural net-

work;

Fig. 6 shows a schematic illustrating an example of training the second artificial neural
network; and

Fig. 7 shows a schematic illustrating an example of an apparatus for processing OCT im-
ages and a system for OCT imaging.

Figure 1 shows a schematic of an example for illustrating neointimal tissue characteriza-
tion including neointimal tissue segmentation and classification on quadrant level.

Figure 1 A (left) shows a cross-sectional OCT image 10 of a blood vessel, in the following
also referred to as “OCT frame”, which is divided into four 90° quadrants Q1 to Q4, rotating
clockwise around a center point C from 12 o’clock and individually classified to one of four
classes indicated by a quarter-circular line L in each quadrant Q1 to Q4. Preferably, de-
pending on the class of the quadrant Q1 to Q4, the lines L have an according color (e.g.
blue, green, yellow or red) and/or brightness as in the present grayscale representation.

Figure 1 A (right) shows a segmented cross-sectional OCT image 20 of a blood vessel
including a first image segment 21 representing a vessel lumen, a second image seg-
ment 22 representing vascular tissue, in particular neointima, and a third image
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segment 23 representing stent struts of a stent that has been implanted in the vessel. A
fourth image segment 24 represents the background of the imaged vessel.

Figure 1 B shows examples of OCT images of blood vessels having homogenous, heter-
ogenous or neoatherosclerosis vascular tissue, respectively, and not analyzable
OCT frames.

Figure 1 C shows a schematic to illustrate an example of a preferred workflow and/or ar-
chitecture for neointimal tissue segmentation and classification: An OCT frame 10 is given
as input to a trained artificial neural network 2, which is also referred to as “second artificial
neural network” or “segmentation network” herein, to get a segmented OCT image 20,
which is also referred to as “segmentation mask”. Preferably, the second artificial neural
network 2 is a U-Net (UNet++). Preferably, the second artificial neural network 2 was

trained by a method disclosed herein and illustrated further below.

As mentioned above with reference to Figure 1 A (right), the segmentation mask 20 con-
tains at least a first image segment 21 which represents the lumen of the blood vessel
represented in the OCT image 10. This allows the calculation of the center C of the lu-
men 21 and the division of the OCT frame 10 into four quadrants Q1 to Q4 at the center C.

Further, after optionally resizing each of the four quadrants Q1 to Q4 to a size of e.g.
224x224 pixels, the quadrants Q1 to Q4 are inputted into another trained artificial neural
network 1, which is also referred to as “first artificial neural network” or “classification net-
work” herein. Preferably, the first artificial neural network 1 is a ResNet-18. The first neural
network 1 outputs a classification information O1 to O4 for each of the inputted quadrants
Q1 to Q4 regarding the vascular tissue represented in the respective quadrant Q1 to Q4.
In present example, the respective output classification information O1 to O4 is repre-
sented by accordingly colored and/or bright quarter-circular lines L in the respective quad-
rants Q1 to Q4. In other words, accordingly colored or, respectively, bright quarter-circles
L show the predicted class for each quadrant Q1 to Q4, wherein preferably the line thick-
ness is chosen to indicate the model certainty and/or the probability of the predicted class
(thick line = high certainty, thin line = low certainty). Preferably, the first artificial neural

network 1 was trained by a method disclosed herein and illustrated further below.
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It is noted that, instead of using the trained second artificial neural network 2, the segmen-
tation mask 20 (and particularly the first image segment 21 representing the lumen of
which the center point C is determined for subsequently dividing the respective OCT im-
age 10 into four quadrants Q1 to Q4) can also be obtained by a conventional image seg-
mentation algorithm. In other words, the classification of the quadrants Q1 to Q4 of the
OCT images 10 using the trained first artificial neural network 1 does not necessarily re-
quire using the trained second artificial neural network 2 for obtaining the segmented OCT
image 20. However, using the trained second artificial neural network 2 for obtaining the
segmented OCT image 20 results in particularly reliable and automatic classification of

OCT images 10 by the first artificial neural network 1.

Figure 2 shows examples of an automated characterization of OCT images. The upper
row shows an accurate prediction of neointimal tissue characteristics on quadrant level.
Figure 2 A: Predominant homogenous neointima with foam cells in Q3 (dark quarter-cir-
cle). Figure 2 B: Heterogenous neointima in Q1 and Q4 (medium gray quarter-circles) with
foam cell infiltration in Q2 and Q3 (dark quarter-circles). C: No neointima present. D: Mix-
ture of homogeneous (Q1, medium/brighter gray quarter-circle) and heterogenous (Q2 and
Q4: medium gray quarter-circles) neointima as well as possible neoatherosclerosis (Q3,
dark quarter-circle). Note the low confidence (narrow lines) in B (Q1 and Q3) and D (Q3),
reflecting the difficulty to differentiate heterogeneous neointima form neoatherosclerosis in
some cases. The lower row shows results of an automated segmentation of the OCT im-

ages into lumen 21, neointima 22, stent struts 23 and background 24.

Figure 3 shows examples of a 3D reconstruction of neointima, lumen and stents (1), a 3D
reconstruction of neointimal tissue prediction (2), and sample frames (3) for two different
patients (A, B). The examples further show results of quantitative statistics derived in each
case from the results of the classification of the respective vascular tissue.

For each patient, a plurality of cross-sectional OCT images 10 of a blood vessel (here: a
coronary artery) were obtained by a so-called “pullback” of an OCT imaging probe along
the longitudinal dimension of the respective blood vessel.

The OCT images 10 were inputted into a trained second artificial neural network 2 (see
Figure 1) to obtain a plurality of automatically segmented OCT images 20, each including
image segments representing neointima, lumen and stents. Figures 3 A (1) and B (1) show
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a three-dimensional reconstruction and/or representation of the respectively obtained plu-
rality of segmented OCT images 20.

Further, as explained above with reference to Figure 1, the OCT images 10 were divided
into four quadrants around the respective center point of the lumen segment (obtained by
the image segmentation) of the vessel represented in the respective OCT image 10, and
the obtained quadrants of the plurality of OCT images 10 were inputted into a trained first
artificial neural network 1 to obtain, for each quadrant of each OCT image 10, a classifica-
tion information regarding the vascular tissue represented in the respective quadrant. As
described above, the respectively outputted classification information can be represented
by quarter-circles in different colors and/or different brightness values (as with present
grayscale representation) which correspond to the class (homogeneous, heterogeneous,
neoatherosclerosis, not analyzable) of the vascular tissue represented in the respective
quadrant. Figures 3 A (2) and B (2) show a three-dimensional reconstruction and/or rep-
resentation of such quarter-circles that were obtained for the plurality of OCT images 10.

Figure 3 A shows results for a 64-year-old male with percutaneous coronary interven-
tion (PCI) of right coronary artery (RCA). OCT imaging was performed 12 months after
PCI and, as apparent from the 3D representation of neointimal tissue prediction in Figure
3 A (2) and a statistical analysis thereof, reveals predominately (51%) neoatherosclerotic
neointima (dark quarter-circles), whereas homogeneous and heterogeneous tissue only
have a share of 32% or 14%, respectively. The average neointimal thickness is 0.61 milli-
meters, and the average lumen radius is 0.31 millimeters. During follow-up, the patient
underwent a target lesion revascularization (TLR) due in-stent restenosis with unstable

angina.

Figure 3 B shows results for a 79-year-old male with PCI of left coronary artery (LAD).
OCT imaging was performed 12 months after PCI and, as apparent from the 3D represen-
tation of neointimal tissue prediction in Figure 3 B (2) and a statistic analysis thereof, re-
veals predominantly (74%) homogenous neointima (bright gray quarter-circles), whereas
heterogeneous tissue and neoatherosclerotic neointima only have a share of 3% each.
The average neointimal thickness is 0.2 millimeters and the average lumen radius is 0.38
millimeters. During follow-up, no adverse events occurred.
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It is possible that neoatherosclerosis may lead to a loss of signal leading to undetected
stent struts (rectangular box in A.1 and A.2). Note the correct classification of uncovered
stent struts as “not analyzable” (L-shaped line in B.1 and B.2) and detection of a side-
branch (circle in B.1).

Figure 4 shows an example of a user interface, in particular of a webtool, which is config-
ured to represent results of the segmentation and/or classification and allow a user to eas-
ily select and/or retrieve information as desired. The user interface provides a user-friendly
platform for the analysis of intravascular OCT images. The interface may include several
design features to facilitate accurate and efficient analysis, preferably at least one of:

- an upload mask (A), which allows users to upload OCT pullback images (DICOM or .zip),

- a visual representation (B) of the current OCT frame 10 with neointima prediction and
image segmentation 20,

- a schematic view of the classified quadrants (C1) (top row represents quadrant Q1, bot-
tom row quadrant Q4) of the OCT frames 10 obtained by a pullback over the longitudinal
direction of the vessel, and, based on the segmented images 20, neointima and lumen
(C2) that provides a visual representation of the tissue characteristics, including a slider
(C3) that enables users to move through the pullback, and/or

- a pullback analysis (D) that provides a detailed analysis of the obtained OCT images 10
and a manual correction feature (E) to correct beginning and end of the stent, if necessary.

For illustration purposes, (D) and (C1-3) are enlarged in the right part of Figure 4.

Preferably, the webtool also allows users to download a detailed analysis of their results
and provides an information tab (F) for additional guidance.

Figure 5 shows a schematic for exemplary illustration of a training of the first artificial neural
network 1 based on a plurality of first cross-sectional OCT training images 11 of one or
more blood vessels.



10

15

20

25

30

WO 2024/251852 17 PCT/EP2024/065529
In an initial step, the first OCT training images 11 undergo an image segmentation S,
whereby, for each first OCT training image 11, a segmented first OCT training image 20’
is obtained comprising a firstimage segment 21’ representing the lumen of the respectively
imaged blood vessel, and at least one second image segment 22’ representing vascular
tissue, in particular neointima, of the blood vessel. Optionally, the segmented first OCT
training image 20’ further comprises at least one third image segment 23’ representing one
or more components, in particular one or more struts, of a stent contained in the blood

vessel.

As explained above, the image segmentation S can be achieved by any conventional im-
age segmentation algorithm or, preferably, by inputting the first OCT training images 11
into a second artificial neural network 2 (see Figures 1 and 6) which was trained by the
method disclosed herein and illustrated further below.

In a next step, for each first OCT training image 11, a center point C of the first image
segment 21’ representing the lumen of the blood vessel represented in the respective first
OCT training image 11 is determined. Further, based on the coordinates of the center
point C, the respective first OCT training image 11 is divided into four quadrants Q1’ to
Q4’, also referred to as “OCT training image sections”, located around the center point C.

Further, for each first OCT training image 10, classification information A1 to A4 is as-
signed, preferably by a medical expert, to each of the OCT training image sections Q1’ to
Q4’, wherein the classification information A1 to A4 classifies the respective OCT training
image section Q1’ to Q4’ with respect to vascular tissue, in particular with respect to neo-
intima, of the blood vessel represented in the respective OCT training image section Q1’
to Q4’ of the respective first OCT training image 11.

Then, the first artificial neural network 1, which comprises an input layer 1a and an output
layer 1Db, is trained by i) inputting the plurality of OCT training image sections Q1’ to Q4’
obtained for the plurality of first OCT training images 11 at the input layer 1a, ii) obtaining,
for each inputted OCT training image section Q1’ to Q4’, an output classification infor-
mation O1 to O4 at the output layer 1b, wherein the output classification O1 to O4 infor-
mation classifies the respectively inputted OCT training image section Q1’ to Q4’ with re-
spect to vascular tissue, in particular with respect to neointima, of the blood vessel repre-
sented in the respectively inputted OCT training image section Q1’ to Q4’, and
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iii) comparing, for each inputted OCT training image section Q1’ to Q4’, the output classi-
fication information O1 to O4 with the classification information A1 to A4 assigned to the
respectively inputted OCT training image section Q’1 to Q4’, preferably by computing, a
loss function A which quantifies a difference between the classification information A1 to
A4 assigned to the respectively inputted OCT training image section Q1’ to Q4’, on the
one hand, and the output classification information O1 to O4, on the other hand. Prefera-
bly, the first artificial neural network 1 is then adapted and/or updated based on the result

of the comparison or based on the loss function A, respectively.

Figure 6 shows a schematic for exemplary illustration of a training of the second artificial
neural network 2, which comprises an input layer 2a and an output layer 2b, based on a
plurality of second cross-sectional OCT training images 12 of one or more blood vessels.

Basically, the second OCT training images 12 for training the second artificial neural net-
work 2 can be, at least partially, the same as the first OCT training images 11 used for
training the first artificial neural network 1. However, it is also possible that the second
OCT training images can 12 be different from the first OCT training images 11. In other
words, the second artificial neural network 2 can be trained by using the same, or at least
partially the same, set of OCT training images as with the training of the first artificial neural

network 1, or by using a different set of OCT training images.

In an initial step i), for each of a plurality of second cross-sectional OCT training images 12
of one or more blood vessels, a segmented training image 20” is provided, for example by
applying a conventional image segmentation algorithm to the respective second OCT train-
ing image 12 and/or by manual image segmentation by a medical expert. Each segmented
training image 20” includes a first image segment 21” representing a lumen of a blood
vessel in the respective second OCT training image 12, at least one second image seg-
ment 22" representing vascular tissue, in particular neointima, of the blood vessel in the
respective second OCT training image 12, and, optionally, at least one third image seg-
ment 23” representing one or more components, in particular one or more struts, of a stent
contained in the blood vessel in the respective second OCT training image 12.

In a next step ii), the second OCT training images 12 are inputted at the input layer 2a of
the second artificial neural network 2, and iii), for each inputted second OCT training im-
age 12, an output segmented training image 20’ is outputted at the output layer 2b of the
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second artificial neural network 2, the output segmented training image 20°” including a
first image segment representing 21 a lumen of a blood vessel in the respectively in-
putted second OCT training image 12, at least one second image segment 22’ represent-
ing vascular tissue, in particular neointima, of the blood vessel in the respectively inputted
second OCT training image 12, and, optionally, at least one third image segment 23" rep-
resenting one or more components, in particular one or more struts, of a stent contained
in the blood vessel in the respectively inputted second OCT training image 12.

In a following step iv), for each inputted second OCT training image 12, the output seg-
mented training image 20" is compared with the (manually or by conventional algorithms)
segmented training image 20” of the respectively inputted second OCT training image 12,
preferably by computing a loss function A which quantifies a difference between the seg-
mented training image 20” provided and/or predefined for the respectively inputted second
OCT training image 12 and the output segmented training image 20”. Preferably, the sec-
ond artificial neural network 2 is adapted and/or updated based on the result of the com-

parison or based on the loss function A, respectively.

Preferably, for the first and/or second artificial neural network 1, 2 a model calibration can
be achieved through so-called temperature sharpening and/or fusion of surrounding quad-
rants' predictions. In the following, further preferred details on possible augmentation tech-
niques and training specifications for both artificial neural networks are described.

Details of segmentation network

A Unet++ with Resnet18 backbone is preferably used as the segmentation network 2 (sec-
ond artificial neural network). To train the Unet++, an Adam optimizer with standard pa-
rameters is preferably used. The initial learning rate is 0.001, to regulate learning rate, a
training rate scheduler by PyTorch is used which reduces the learning rate by multiplying
it with a factor of 0.3 if for 5 epochs the validation loss is not decreasing. The input image
resolution is 512x512 with one input channel. A batch size of 8 is used with 100 training
epochs. Preferably, the Albumentations library is used to augment images during training.
Following augmentation techniques are preferably used: Rotate, GridDistortion, Elastic-
Transform, HorizontalFlip, RandomBrightnessContrast, GaussNoise, RandomGamma. As
the loss function, the unweighted sum of dice loss, cross-entropy loss and loU loss is pref-
erably used.
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Preferably, a test time augmentation is used to increase accuracy and make the segmen-
tation mask invariant to rotations by 90,180 and 270 degrees as well as horizontal flipping.
This can be done by predicting segmentation masks for not only the initial frame but also
on 90, 180 and 270 degree rotated frames on the initial as well as the horizontally flipped
frame. This gives a total of eight predictions per frame, and thus eight probability distribu-
tions for each pixel of a frame, which are then fused using the mean of the distributions.

Details of classification network and calibration

A Resnet18 is preferably used as the classification network 1 (first artificial neural net-
work). To train the Resnet18, an AdamW optimizer with standard parameters is preferably
used. The initial learning rate is 0.001, to regulate learning rate, a training rate scheduler
by PyTorch is preferably used which reduces the learning rate by multiplying it with a factor
of 0.3 if for 5 epochs the validation loss is not decreasing. The input image resolution is
preferably 224x224 with one input channel. A batch size of preferably 32 is used with 100
training epochs. Preferably, the Albumentations library is used to augment images during
training. Following augmentation techniques are preferably used: GridDistortion, Elastic-
Transform, HorizontalFlip, RandomBrightnessContrast, GaussNoise, RandomGamma. As
the loss function, preferably cross-entropy loss is used.

For training the classification network 1, a test time augmentation is preferably used in a
similar fashion as in the segmentation network 2, wherein the same test-time augmenta-
tion is also used to generate eight class predictions per quadrant. The resulting distribu-
tions are preferably fused using so-called temperature sharpening and then normalizing,
which yields better results compared to mean aggregation and produces even more mean-
ingful confidence scores. To account for spatial dependencies in a straightforward manner,
in a final step the predictions over the surrounding quadrants are preferably averaged as

follows:

dﬁnal

For each quadrant k in a frame n, the final distribution *k,» is preferably computed by

dﬁnal — Oé<d'k3;’n-1 + dk:,n—i—l) + dk‘,n
Fon 20+ 1
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If frame n+1 or n-1 does not exist or is outside the stented region of the pullback, the
corresponding distribution gets removed in the above equation, e.g. the equation is pref-
erably changed to

- dk,n~1 + dk,n
a+1

final __
dk,n -

without frame n+1.

The best value for « can be preferably determined via grid search on the validation set and
is set to a=0.75. Accounting for surrounding frames in this manner may yield a 5.7% im-
provement in accuracy.

Figure 7 shows a schematic of an example of an apparatus 30 for processing OCT images
and a system 30, 40, 50 for OCT imaging and OCT image classification.

The apparatus 30 comprises a receiving interface 31 configured to receive a plurality of
first and/or second cross-sectional OCT training images 11, 12 of one or more blood ves-
sels and/or to receive a plurality of cross-sectional OCT images 10 of at least one blood
vessel, and a processor 32 configured to process the received first and/or second cross-
sectional OCT training images 11, 12 or the received OCT images 10, respectively, ac-
cording to the training method and/or the method for segmentation and/or classification of
OCT images disclosed herein.

The system comprises the apparatus 30, an imaging apparatus 40 configured to acquire
cross-sectional OCT images 10, and an output interface 50, for example a display or mon-
itor.

The receiving interface 31 is configured to receive the acquired OCT images 10 and the
processor 32 is configured to obtain, for each received OCT image 10, output classification
information classifying OCT image sections, preferably the quadrants, of the respective
OCT image 10 with respect to vascular tissue, in particular with respect to neointima, of
the blood vessel represented the respective OCT image 10.
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In the present example, the processor 32 is configured to generate classified OCT images,
wherein the output classification information is represented by quarter-circles of different
color and/or brightness (which depends on the tissue classification for the respective quad-
rant obtained from the trained second artificial neural network 2 as described above) and
superimposed over the respective OCT image 10. Further, the processor 32 controls the
output interface 50 to display the classified OCT images accordingly. Optionally, as ex-
plained above with reference to Figure 3, further information regarding quantitative statis-
tics based on the results of the classification can be displayed for the acquired set or “pull-
back” of OCT images 10.

In summary, present disclosure relates to a fully-automated deep learning-based algo-
rithm, which is particularly suitable for characterization of vascular healing after PCI using
OCT imaging. In particular, the algorithm allows for a classification of neointimal tissue into
healthy (homogenous), diseased (heterogenous or neoatherosclerosis), or not analyzable
with high accuracy, comparable to performance by human observers. Further, it allows for
a segmentation of vessel lumen, neointimal area and stent struts, which allows further
automated morphometric analysis as well as quick detection and quantification of uncov-
ered stent struts. Last but not least, the accuracy of the prediction was confirmed when
using the disclosed algorithm for analyzing OCT-pullbacks with co-registered histopathol-

ogy from an animal model of neoatherosclerosis.



10

15

20

25

30

WO 2024/251852 23 PCT/EP2024/065529

1.

Patent Claims

A computer-implemented method for processing optical coherence tomography
(OCT) images (10-12) of vascular tissue, the method comprising training a first ar-
tificial neural network (1) comprising the following steps:

a) providing or receiving a plurality of first cross-sectional OCT training im-

ages (11) of one or more blood vessels,

b) determining, for each first OCT training image (11), a center point (C) of a first
image segment (21°) representing a lumen of the blood vessel in the respective
first OCT training image (11),

¢) dividing each first OCT training image (11) into OCT training image sec-

tions (Q1’-Q4’), in particular quadrants, located around the center point (C) of the
respective first OCT training image (11), thereby obtaining a plurality of OCT train-
ing image sections (Q1°-Q4),

d) assigning a classification information (A1-A4) to each OCT training image sec-
tion (Q1’-Q4’), the classification information (A1-A4) classifying the respective
OCT training image section (Q1°-Q4’) with respect to vascular tissue, in particular
with respect to neointima, of the blood vessel represented in the respective OCT
training image section (Q1’-Q4’), and

e) training the first artificial neural network (1), which comprises an input layer (1a)
and an output layer (1b), the training comprising:

i) inputting the plurality of OCT training image sections (Q1’-Q4’) at the input
layer (1a),

ii) obtaining, for each inputted OCT training image section (Q1°-Q4’), an output
classification information (O1-O4) at the output layer (1b), the output classification
information (O1-0O4) classifying the respectively inputted OCT training image sec-
tion (Q1’-Q4’) with respect to vascular tissue, in particular with respect to neoin-
tima, of the blood vessel represented in the respectively inputted OCT training im-
age section (Q1’-Q4’), and

iii) comparing, for each inputted OCT training image section (Q1°-Q4’), the output
classification information (O1-O4) with the classification information (A1-A4) as-

signed to the respectively inputted OCT training image section (Q1-Q4’).
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2. The method according to claim 1, the method further comprising training a second

artificial neural network (2), which comprises an input layer (2a) and an output
layer (2b), the training of the second artificial neural network (2) comprising:

i) providing or receiving, for each of a plurality of second cross-sectional OCT
training images (12) of one or more blood vessels, a segmented training im-

age (207), each segmented training image (20”) including a first image seg-

ment (21”) representing a lumen of a blood vessel in the respective second OCT
training image (12), and, optionally, at least one second image segment (22”) rep-
resenting vascular tissue, in particular neointima, of the blood vessel in the re-
spective second OCT training image (12), and, optionally, at least one third image
segment (23”) representing one or more components, in particular one or more
struts, of a stent contained in the blood vessel in the respective second OCT train-
ing image (12),

ii) inputting the second OCT training images (12) at the input layer (2a) of the sec-
ond artificial neural network (2),

iii) obtaining, for each inputted second OCT training image (12), an output seg-
mented training image (20°’) which is outputted at the output layer (2b) of the sec-
ond artificial neural network (2), the output segmented training image (20™) in-
cluding a first image segment (21°”) representing a lumen of a blood vessel in the
respectively inputted second OCT training image (12), and, optionally, at least
one second image segment (22”) representing vascular tissue, in particular neo-
intima, of the blood vessel in the respectively inputted second OCT training im-
age, and, optionally, at least one third image segment (23"’) representing one or
more components, in particular one or more struts, of a stent contained in the
blood vessel in the respectively inputted second OCT training image (12), and

iv) comparing, for each inputted second OCT training image (12), the output seg-
mented training image (20°”) with the segmented training image (20”) of the re-
spectively inputted second OCT training image.

. The method according to claim 2, wherein the firstimage segment (21’) in the re-

spective first OCT training image (11) is determined by inputting the respective
first OCT training image (11) at the input layer (2a) of the trained second artificial
neural network (2), and obtaining, at the output layer (2b) of the second artificial
neural network (2), i) the first image segment (21°) representing the lumen of the
blood vessel in the respectively inputted first OCT training image (11), and, ii)
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optionally, at least one second image segment (22°) representing vascular tissue,
in particular neointima, of the blood vessel in the respectively inputted first OCT
training image (11), and, iii) optionally, at least one third image segment (23’) rep-
resenting one or more components, in particular one or more struts, of a stent
contained in the blood vessel in the respectively inputted first OCT training im-
age (11).

. The method according to claim 2 or 3, wherein the plurality of first OCT training

images (11) and the plurality of second OCT training images (12) can be the
same, partially the same or different images.

. The method according to any of the preceding claims, the method further com-

prising classifying OCT images (10) with respect to vascular tissue, in particular
neointima, of at least one blood vessel represented in the respective OCT im-
age (10) comprising the following steps:

a) providing or receiving a plurality of cross-sectional OCT images (10) of at least
one blood vessel,

b) determining, for each OCT image (10), a center point (C) of a firstimage seg-
ment (21) representing a lumen of the blood vessel in the respective OCT im-
age (10),

¢) dividing each OCT image (10) into OCT image sections (Q1-Q4), in particular
quadrants, located around the center point (C) of the respective OCT image (10),
thereby obtaining a plurality of OCT image sections (Q1-Q4), and

d) inputting the OCT image sections (Q1-Q4) at the input layer(1a) of the first arti-
ficial neural network (1) which has been trained by the method according to any
one of the preceding claims, and obtaining, at the output layer (1b) of the first arti-
ficial neural network (1), an output classification information (L) classifying the re-
spectively inputted OCT image section (Q1-Q4) with respect to vascular tissue, in
particular with respect to neointima, of the blood vessel represented in the respec-
tively inputted OCT image section (Q1-Q4).

. The method according to claim 5, wherein the firstimage segment (21) of the

OCT image (10) is determined by subjecting the respective OCT image (10) to an
image segmentation (S) comprising inputting the OCT images (10) at the input
layer (2a) of the second artificial neural network (2), which has been trained by
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the method according to claim 2, and obtaining, at the output layer (2b) of the sec-
ond artificial neural network (2), i) the first image segment (21) representing the
lumen of the blood vessel in the respectively inputted OCT image (10), and, ii) op-
tionally, at least one second image segment (22) representing vascular tissue, in
particular neointima, of the blood vessel in the respectively inputted OCT im-

age (10), and, iii) optionally, at least one third image segment (23) representing
one or more components, in particular one or more struts, of a stent contained in
the blood vessel in the respectively inputted OCT image (10).

. The method according to any of the preceding claims, wherein the classification

information (A1-A4), which is assigned to each OCT training image section (Q1’-
Q4’), characterizes the vascular tissue, in particular neointima, of the blood vessel
represented in the respective OCT training image section (Q1’-Q4’) as to whether
it belongs to one out of at least two of the following tissue classes: homogeneous
tissue, heterogeneous tissue, or neoatherosclerotic tissue.

. The method according to claim 7, wherein the output classification infor-

mation (O1-04), which is obtained for each inputted OCT training image sec-

tion (Q1°-Q4’) or OCT image section (Q1-Q4), respectively, characterizes at least
one probability with which the vascular tissue, in particular neointima, of the blood
vessel represented in the respectively inputted OCT training image section (Q1’-
Q4’) or inputted OCT image section (Q1-Q4), respectively, belongs, or is consid-
ered to belong, to the at least two tissue classes, respectively.

. The method according to claim 8, wherein the output classification infor-

mation (O1 to O4) characterizes at least one, in particular discrete, distribution of
at least two probability values (pi) over the at least two tissue classes.

10. The method according to claim 9, wherein the at least one distribution of the at

least two probability values (pi) is adjusted or adjustable by setting a parame-

ter (T), in particular a temperature parameter, of a mathematical function charac-
terizing the at least one distribution so that a difference or differences between the
at least two probability values (p;) decrease and/or increase.
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11. The method according to any of the preceding claims, wherein determining the

center point (C) of the first image segment (21’, 21) representing a lumen of the
blood vessel in the respective first OCT training image or OCT image, respec-
tively, includes determining at least one of the following:

- a centroid of the first image segment (21°, 21),

- a center of a bounding box representing the smallest rectangle that completely
encloses the firstimage segment (21’, 21),

- a center of a medial axis presenting a set of all points that have more than one
nearest point on the boundary of the first image segment (21’, 21), and/or

- a center of a predefined shape, in particular a circle or an ellipse, which is fitted
to the first image segment (21°, 21).

12. The method according to any of the preceding claims, wherein, for at least one of

the first OCT training images (11) or OCT images (10), respectively, an average
output classification information is determined by averaging the output classifica-
tion information (O1-O4) obtained for an OCT training image section (Q1°-Q4’) of
the respective first OCT training image (11) or for an OCT image section (Q1-Q4)
of the respective OCT image (10), respectively, with the output classification infor-
mation (O1-0O4) obtained for at least one further OCT training image section (Q1’-
Q4’) or OCT image section (Q1-Q4), respectively, of at least one neighboring first
OCT training image (11) or OCT image (10), respectively.

13. An apparatus (30) for processing optical coherence tomography (OCT) images of

vascular tissue, the apparatus comprising

- a receiving interface (31) configured to receive a plurality of first and/or second
cross-sectional OCT training images (11, 12) of one or more blood vessels and/or
to receive a plurality of cross-sectional OCT images (10) of at least one blood
vessel, and

- a processor (32) configured to process the received first and/or second cross-
sectional OCT training images (11, 12) and/or the received OCT images (10), re-
spectively, according to the method specified in one or more of the preceding
claims.

14. A system for optical coherence tomography (OCT) imaging of vascular tissue, the

system comprising
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- an imaging apparatus (40) configured to acquire a plurality of cross-sectional
OCT images (10) of at least one blood vessel,

- the apparatus (30) according to claim 13, wherein the receiving interface (31) is
configured to receive the acquired OCT images (10), and the processor (32) is
configured to obtain, for each received OCT image (10), output classification infor-
mation (O1-04) classifying the OCT image sections (Q1-Q4) of the respective
OCT image (10) with respect to vascular tissue, in particular with respect to neoin-
tima, of the blood vessel represented the respective OCT image (10), and option-
ally to generate classified OCT images, each classified OCT image comprising
the output classification information (O1-0O4) classifying the OCT image sec-

tions (Q1-Q4) of the respective OCT image (10), and

- an output interface (50) configured to output the output classification infor-
mation (O1-0O4), and optionally the classified OCT images, for further use and/or
to a user.

15. A computer program product comprising instructions causing

- a computer, computer system and/or distributed computing environment to exe-
cute the steps of the method according to any of claims 1 to 12, and/or
- the processor (32) of the apparatus (30) according to claim 13 to execute the

steps of the method according to any of the claims 1 to 12.
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