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Vorwort

Die Tagung Bildverarbeitung für die Medizin (BVM) wird seit weit mehr als 20 Jahren
an wechselnden Orten Deutschlands veranstaltet. Inhaltlich fokussiert sich die BVM da-
bei auf die computergestützte Analyse medizinischer Bilddaten mit vielfältigen Anwen-
dungsgebieten, z.B. im Bereich der Bildgebung, der Diagnostik, der Operationsplanung,
der computerunterstützten Intervention und der Visualisierung.

In dieser Zeit hat es bemerkenswerte methodische Weiterentwicklungen und Um-
brüche gegeben, wie zum Beispiel im Bereich des maschinellen Lernens, an denen
die BVM-Community intensiv mitgearbeitet hat. In der Folge dominieren inzwischen
Arbeiten im Zusammenhang mit Deep Learning die BVM. Auch diese Entwicklungen
haben dazu beigetragen, dass die Medizinische Bildverarbeitung an der Schnittstelle
zwischen Informatik und Medizin als eine der Schlüsseltechnologien zur Digitalisie-
rung des Gesundheitswesens etabliert ist.

Zentraler Aspekt der BVM ist neben der Darstellung aktueller Forschungsergebnisse
schwerpunktmäßig aus der vielfältigen deutschlandweiten BVM-Community insbeson-
dere die Förderung des wissenschaftlichen Nachwuchses. Die Tagung dient vor allem
Doktorand*innen und Postdoktorand*innen, aber auch Studierenden mit hervorragen-
den Bachelor- und Masterarbeiten als Plattform, um ihre Arbeiten zu präsentieren, dabei
in den fachlichen Diskurs mit der Community zu treten und Netzwerke mit Fachkol-
leg*innen zu knüpfen. Trotz der vielen Tagungen und Kongresse, die auch für die
Medizinische Bildverarbeitung relevant sind, hat die BVM deshalb nichts von ihrer
Bedeutung und Anziehungskraft eingebüßt.

Inhaltlich kann auch bei der BVM 2022 wieder ein attraktives und hochklassi-
ges Programm geboten werden. Es wurden aus 88 Einreichungen über ein anonymi-
siertes Reviewing-Verfahren mit jeweils drei Reviews 24 Vorträge, 33 Posterbeiträ-
ge und eine Softwaredemonstration angenommen. Da aufgrund der strengen Covid
Hygiene- und Abstandsregeln leider nur sehr wenige klassische Posterbeiträge zugelas-
sen wurden, wird dieses Jahr erstmalig ein neues Format umgesetzt. Hierfür wurden
13 weitere Beiträge als e-Poster angenommen. Die besten Arbeiten werden auch in
diesem Jahr mit Preisen ausgezeichnet. Die Webseite des Workshops findet sich unter
https://www.bvm-workshop.org.

Das Programm wird durch drei eingeladene Vorträge ergänzt:

• Prof. Dr. Ullrich Köthe, Visual Learning Lab, Universität Heidelberg

• Prof. Mihaela van der Schaar, University of Cambridge, UK

• Prof. Dr. Stefanie Speidel, Translational Surgical Oncology, NCT Dresden

https://www.bvm-workshop.org
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Des Weiteren werden im Vorfeld der BVM drei Tutorials angeboten:

• Known Operator Learning and Hybrid Machine Learning in Medical Imaging
The Past, the Present and the Future (FAU Erlangen-Nürnberg)

• Advanced Deep Learning (DKFZ Heidelberg)

• Hands-On Medical Image Registration (Universität zu Lübeck)

An dieser Stelle möchten wir allen, die bei den umfangreichen Vorbereitungen zum
Gelingen des Workshops beigetragen haben, unseren herzlichen Dank für ihr Engage-
ment aussprechen: den Referent*innen der Gastvorträge, den Autor*innen der Beiträge,
den Referent*innen der Tutorien, den Industrierepräsentant*innen, dem Programm-
komitee, den Fachgesellschaften, den Mitgliedern des BVM-Organisationsteams und
allen Mitarbeitenden der Abteilung Medical Image Computing des Deutschen Krebs-
forschungszentrums.

Wir wünschen allen Teilnehmer*innen des Workshops BVM 2022 spannende neue
Kontakte und inspirierende Eindrücke aus der Welt der medizinischen Bildverarbeitung.

Januar 2022 Klaus Maier-Hein (Heidelberg)
Thomas M. Deserno (Braunschweig)

Heinz Handels (Lübeck)
Andreas Maier (Erlangen)

Christoph Palm (Regensburg)
Thomas Tolxdorff (Berlin)
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Abstract. Monitoring wound healing with optical coherence tomography (OCT)
imaging is a promising research field. So far, however, few data and even less
manual annotations of OCT wound images are available. To address this problem,
a fully unsupervised clustering method based on convolutional neural networks
(CNNs) is presented. The CNN takes image patches as input and assigns them
to either wound or healthy skin clusters. Network training is based on a new
combination of loss functions that require information invariance and locality
preservation. No expensive expert annotations are needed. Locality preservation
is applied to different levels of the network and shown to improve the segmentation.
Promising results are achieved with an average Dice score of 0.809 and an average
rand index of 0.871 for the best performing network version.

1 Introduction

The segmentation of anatomical or pathological structures is a crucial step in medical
image processing that eases subsequent tasks such as disease monitoring or image reg-
istration. Manual segmentation however is time-consuming, error-prone and requires
expert knowledge. Automatic segmentation methods such as convolutional neural net-
works (CNNs) speed up and harmonize medical image segmentation. Still, supervised
training of CNNs depends on huge amounts of labelled data which are often not available.
In contrast, clustering-based segmentation methods enable the delineation of structures
without given labels by grouping similar and separating differing voxels.

In this paper, we present a clustering CNN for the segmentation of wounds in optical
coherence tomography (OCT) images of the skin. The network receives image patches
as input and assigns them to either wound or healthy skin clusters. Training is based
on maximizing the mutual information between network outputs for pairs of original
and randomly augmented image patches. This invariant information clustering [1] is
combined with a locality-preserving (LP) loss. The LP loss favours similar encodings
for close patches which leads to better clustering results. The resulting segmentations
are compared to manual delineations of the wound area. Furthermore, we analyze the
effect of applying the LP loss at different stages of the network on its clustering abilities.
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2 Methods

In this section we first delineate the OCT data acquisition and preprocessing procedures.
Subsequently, the network architecture and the training scheme for unsupervised wound
segmentation are described.

2.1 Data acquisition

We used 12 human skin equivalents (EFT-400, MatTek, Ashland, MA, USA) and induced
two circular wounds in the epidermis by a 1.5-mm biopsy punch. The skin equivalents
were cultured in medium (EFT-400-ASY, MatTek), and the medium was exchanged
daily for one week. An OCT scanner (TEL220C1, Thorlabs) with a central wavelength
of 1300 nm was used to acquire volumetric images with an axial resolution of 4.2 𝜇m,
a lateral resolution of 13 𝜇m (LSM03, Thorlabs), and a dimension of 3×3×3.5 mm3

(spatial FOV: 461×461×1024 voxels). OCT images were taken on day 0, 1, 2, 3, 4 and
7 after the epidermal injury for each wound separately leading to 144 images in total.

2.2 Preprocessing

Due to poor contrast and large image size we perform average-smoothing on each
horizontal slice and reduce the resolution to 64×128×284 voxels. In a second step a
flattening of the upper skin border is performed as shown in Figure 1. To do so, we 1)
calculate the image gradient magnitude, 2) A-scan-wise extract the maximum gradient
and enter its position into a height map, 3) mask the central area of the height map,
4) smooth the height map, 5) fill the masked area using bilinear interpolation and 6)
translate each A-scan according to the height map so that the maximum gradient position
is shifted to a fixed slice. The rectangular-shaped mask used in step 3) is selected by
manual inspection and covers all wounds entirely. Like this, the translation of A-scans
is based only on the position of the intact skin. Finally, the images are cropped to the
upper 64×128×92 voxels.

2.3 Clustering network

The architecture of the network is depicted in Figure 2. It consists of a convolutional
backbone and two clustering heads each composed of three fully-connected (FC) layers

Fig. 1. Preprocessing steps taken before clustering. Left: original, middle: smoothing and down-
sampling, right: flattening.
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and a final softmax activation. Input to our clustering network are 3D patches of size
11×11×92 voxels. The output of the convolutional backbone is flattened and concate-
nated with a vector indicating the patch position in the image volume. The enlarged
feature vector then serves as input to the first FC layers of main and overclustering head.
The main head outputs a two-entry vector that contains the probabilities of the patch
belonging to the wound and healthy skin clusters while the overclustering head produces
ten instead of two clusters. Both heads are trained simultaneously with the same loss
function allowing the overclustering head to discriminate patches inside the same cluster
while maintaining the skin and wound predictions of the main head. This may help to
increase expressivity in the learned features [1, 2].

2.4 Loss functions

The networkΦ(𝜃) with its corresponding parameters 𝜃 is trained using a two-component
loss function based on invariant information clustering (IIC) and locality preservation.
The objective of IIC is to maintain similarities between paired inputs and to discard
instance-specific details. This is achieved by maximizing the mutual information between
the soft clustering outputs of the paired inputs [1]. To use IIC for wound segmentation we
apply this principle on pairs of image patches. Each pair consists of one original image
patch 𝒙 and a randomly augmented version 𝒙 ′ of this patch. Augmentation includes the
addition of random noise and random intensity transformations. The IIC part of the loss
function is then given by

LIIC (𝜃; 𝒙, 𝒙′) = −MI
(
Φ(𝜃; 𝒙), Φ(𝜃; 𝒙′)

)
(1)

which has the effect of discarding differences between augmented and original patch
and of making the network outputs the same for both patch versions.

Fig. 2. Architecture of the patch-wise clustering network for wound segmentation. A convolutional
backbone is followed by three FC layers. No padding is performed in the convolutional layers.
Numbers below the convolutional layers indicate number of feature maps while the numbers above
give the size of the outputs of the last convolutional layer.
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To prevent inhomogeneous clusters, we add a second term to the loss function. The
LP loss takes two patches 𝒙𝑖 and 𝒙 𝑗 of the same image volume as input and favours
similar encoded representations 𝒛𝑖 and 𝒛 𝑗 for close patches. Inspired by [3, 4] we define

LLP (𝜃; 𝒙𝑖 , 𝒙 𝑗 ) = 𝜔
(
‖ 𝒍 𝑖 − 𝒍 𝑗 ‖2

)
· s(𝒙𝑖 , 𝒙 𝑗 ) · ‖𝒛𝑖 − 𝒛 𝑗 ‖

2
2 (2)

Here, 𝒍 𝑖 is the location of patch 𝒙𝑖 , s is an image similarity measure and 𝜔 a weighting
function assigning small distances a large weight and setting large distances to zero.
Like this, spatially close patches are pushed to similar encodings while distant patches
may be clustered independently. The final loss function is calculated for all consecutive
patch pairs in a batch and defined by

L(𝜃; 𝒙𝑖 , 𝒙 𝑗 ) = LIIC (𝒙𝑖 , 𝒙
′
𝑖) + LIIC (𝒙 𝑗 , 𝒙

′
𝑗 ) + LLP (𝒙𝑖 , 𝒙 𝑗 ) + LLP (𝒙

′
𝑖 , 𝒙

′
𝑗 ) (3)

The network is trained for 200 epochs, with Adam optimization and an initial
learning rate of 1e−6. For each epoch, 150 pairs of patches per volume are drawn at
random using a uniform distribution and passed through the network. During inference
only original image patches (rather than pairs of patches) are input to the network and
the overclustering head is ignored. The main head’s clustering result is kept for the
patch’s central A-scan that is assigned the cluster with highest probability to achieve an
A-scan-wise segmentation result.

3 Results

For evaluation, a six-fold cross-validation is performed, training the network on 120
images of 10 skin equivalents and testing it on the remaining 24 images. For each test
set one of the four included wounds is manually segmented over all time points. The
clustering ability of the networks is checked quantitatively comparing results to the man-
ual segmentations and qualitatively using t-distributed stochastic neighbor embedding
(t-SNE) for visualization [5].

We train several versions of our clustering method applying the LP loss on different
levels of the network. Successively, the feature vectors output by convolutional backbone,
first, second and third FC layer are used as encoded representations 𝒛 in equation (3).
Note that applying the LP loss on the network output is similar to the local spatial
invariance used in [1]. Network versions are denoted with LP-Conv, LP-FC1, LP-FC2
and LP-FC3, respectively, and we report average DSC and rand index (RI) compared
to the manual labels in Table 1. Additionally, results are reported for training without
applying the LP loss (IIC only).

Results show that the clustering network learns to well distinguish between patches
lying inside or outside of the wound. The LP loss greatly improves performance com-
pared to the network trained on IIC alone leading to an average DSC of 0.809 for
LP-Conv. For this best performing network version exemplar segmentation results are
displayed in Figure 3 which shows that even the segmentation of the image with lowest
DSC is still close to the actual wound area. Although the flattening does not work for
this image because of the partially detached epidermis, the CNN still produces useful
results.
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Tab. 1. Results of the clustering network trained by applying LP on different levels. Average DSC
and RI are reported. In brackets the minimal and maximal values are given and best results are
presented in bold font.

Method DSC RI
IIC only 0.464 (0.339, 0.655) 0.479 (0.254, 0.743)
LP-Conv 0.809 (0.678, 0.960) 0.871 (0.768, 0.981)
LP-FC1 0.761 (0.596, 0.892) 0.832 (0.676, 0.939)
LP-FC2 0.777 (0.648, 0.914) 0.845 (0.743, 0.955)
LP-FC3 0.494 (0.312, 0.649) 0.607 (0.347, 0.779)

To further analyze the effect of the LP loss on the clustering abilities of the network,
principle component analysis is used to reduce the high-dimensional feature vectors of
convolutional backbone, first and second FC layer to a size of 50. Afterwards t-SNE
plots are generated to visualize features in two dimensions (perplexity set to 50, further
experiments with different values led to similar results). Plots are generated with 850
randomly selected patches per skin equivalent in the first test set. Representative results
in Figure 4 show that especially for LP-FC1 and LP-FC2 the separability of clusters is
increased in the feature space the LP loss is applied in. Also it can be seen that using the
LP loss leads to clusters aligning well with wound and healthy skin whereas IIC only
generates more intertwined clusters. This reflects the quantitive results showing how the
LP loss helps to generate better segmentation results compared to training with IIC only.

4 Discussion

In this paper, a method for unsupervised segmentation of OCT wound images is pre-
sented. Without using any labelled data, the clustering network learns to distinguish

(a) DSC of 0.960 (A1, day 0) (b) DSC of 0.678 (E1, day 1)

Fig. 3. Segmentation results on best (a) and worst (b) performing test images compared to manual
ground truth. Predicted and ground-truth segmentation contours are shown in green and red,
respectively. Black triangles, blue and orange lines mark the position of the other depicted image
slices.
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Fig. 4. T-SNE plots displaying the feature vectors of convolutional backbone (1st and 4th columns),
first (2nd and 5th columns) and second FC layer (3rd and 6th columns) in two dimensions for IIC
only (a, b, c), LP-Conv (d, e, f), LP-FC1 (g, h, i) and LP-FC2 (j, k, l).

(a) (b) (c) (d) (e) (f)

(g) (h) (i) (j) (k) (l)

patches lying outside or inside of the wound. T-SNE plots show that the LP loss helps to
form better separable clusters in the feature space leading to good segmentation results.
Best results are achieved using the outputs of the convolutional backbone to calculate
the LP loss with a mean Dice score of 0.809 compared to manually segmented images.

Still, further investigations on the best choice of hyperparameters and a more so-
phisticated quantitative evaluation of the method need to be done. We plan to analyze
the effect of different patch sizes. The network tends to oversegment the wound area
which we assign to the relatively large patch size. Smaller patch sizes down to A-scans
might help prevent this problem. Moreover, we intend to test the clustering network for
unsupervised segmentation of retinal OCT images.

All in all, our clustering network is a promising method for unsupervised detection
and segmentation of pathologies in medical images. It is not limited to OCT images and
may also be used to segment anatomical structures. Since no manual labels are required
for network training the method is applicable to a wide range of datasets.
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Abstract. The segmentation of vascular systems is a challenging task since their
sizes and structures vary greatly so that the spatial context becomes highly impor-
tant. For further clinical analysis of the vascular system it is important to create a
connected vascular tree starting from the main trunk, following the tree structure
up to small branches. To address these issues, we propose a new iterative segmen-
tation model that recursively evolves a segmentation of a vasculature by following
its tree structure. Our iterative CNN alternates between three steps: First, a 3D
segmentation of a sub-region is performed. Second, branches that are not part of
the currently analyzed branch are removed and third, subsequent sub-regions are
detected. These steps are repeated until the entire vascular system is segmented.
We trained, validated and tested our model on 82 CT images. We showed that,
in comparison to state of the art methods, our new model generates a more ac-
curate segmentation, resulting in an improvement of the Dice score of 7 % and a
reduction of the Hausdorff distance of approximately 20 %.

1 Introduction

Different clinical workflows require a precise segmentation of the vessels in the liver,
e.g. for tumor resections. For these clinical applications, the correct detection of both
small and large vessel structures is as important as the vessel tree connectivity and
topology [1]. However, due to the low contrast between the vessels and surrounding
liver parenchyma as well as the high complexity of the branching structures of the vessel
systems, the segmentation is known to be a challenging task. In addition, the contrast
between vessels and liver parenchyma can vary across CT scans since the timing of the
acquisition is very important.

Deep learning methods for segmentation are less dependent and more robust against
gray values and image quality. Popular architectures for the segmentation of structures
are the U-Net [2] or variants of it [3, 4]. However, due to the size of the contrast enhanced
CT input scan, the images often need to be downsampled or trained with a patch-based
approach, because they cannot be processed at once due to the limited GPU memory.
In the area of vascular segmentation this means, that small veins could possibly not be
detected anymore because they would be removed during downsampling. Furthermore,
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the available 3D deep learning approaches also do not detect the tree topology correctly,
which results in a segmentation with several unconnected components.

Due to the importance of parameter optimization, preprocessing, and data augmen-
tation of the images that have a great influence on the performance of the network,
the nnU-Net, introduced by Isensee et al. [5], has gained significant impact since its
publication in 2019 and can currently be regarded as the state of the art method for
medical image segmentation. However, even this approach does not generate a vessel
segmentation with a continuous, connected tree structure that is important to analyze
the blood flow and the supply of the remaining liver tissue.

1.1 Contributions

This paper presents a new iterative patch-based method to segment vessel trees from
medical imaging data. Our proposed method overcomes the issues of currently available
segmentation methods, and detect a continuous tree including small branches, and is
able to cover the complex tree structure of the vessels. Starting from a manually selected
seed, our method subsequently segments vascular trees in a 3D sub-region and detects
the next regions of interest (ROI) depending on the course of the vessel and the number
of branches in the segmented region until the entire vascular system is segmented.

2 Materials and methods

For training and evaluation of our method, a dataset of 82 contrast enhanced liver CT
images of the venous phase from different centers and scanners with an image extend in
a range of 313×22×86 to 510×421×413 voxels with voxel sizes of 0.39×0.39×0.97
to 0.97 × 0.97 × 3.0 mm are used.

Images are either acquired to plan a living liver donation (healthy patients) or a
tumor resection. The dataset thus includes both images of healthy and diseased patients.

When acquiring contrast enhanced CT images, the timing is not always ideal in
respect to the contrast enhancement of the vascular system to the surrounding structures.
Our dataset shows a variety of contrasts in or outside of the portal vein, so that images
with well contrasted (high gray values) as well as poorly contrasted portals veins (lower
gray values, more similar to liver parenchyma) are included, which results in high variety
of gray values of the portal vein.

For all of these images, ground truth labels are available. The data has been manually
segmented and reviewed by three experienced radiologic technicians. The remarkable
aspect of these annotations is that very small vessels are also included in the segmenta-
tion. Moreover, the resulting vascular tree is one connected component that can be used
to analyze the blood supply of the liver parenchyma which is important to plan a liver
surgery.

We clamped the image value range from 0 to 700 HU. The normalization of the
images is done by subtracting the mean (170.81 HU) followed by a division by the
standard deviation (36.70 HU) of the HU values within the portal vein of our training
images and scale the image values from 0 to 1 afterwards. We do not resample our input
data to a uniform voxel size to emphasize that vessel branches can be of different sizes.
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Finally, we split the data for all experiments in a training, validation and testing set of
40, 10 and 32 image pairs, respectively.

To solve the issues described above, our model iteratively segments the vessels by
following its tree structure. Starting from a manually selected seed point, the portal vein
is segmented in a given sub-region with a 3D U-Net. Based on the segmentation in the
sub-region, the next sub-region(s) are identified to follow the course of the vessels in
consideration of the branching structure. The iterative segmentation stops if no new sub-
regions are identified. An overview of the segmentation pipeline is shown in Figure 1.
We start with a CT scan and an vessel tree result image in iteration step 𝑖 = 0. The result
image is accumulated with values at each iteration step to get the final segmentation.
The queue is processed according to the FIFO (first-in-first-out) principle.

To demonstrate the beneficial effect of the removal of components from other vessel
branches, we additionally evaluate our described iterative approach without the removal
of these components (WithoutRemoval).

In addition, we train the 3D full resolution nnU-Net (3DnnU-Net), as described in
[5] and a standard sliding window approach with a patch size of 128 × 128 × 64 and an
overlap of 50 %. To get a connected vascular tree, we perform a connected component
analysis and keep the largest component to get the final segmentation result.

In the following, our method is described in more detail.

2.1 Segmentation of sub-regions

The segmentation of the sub-regions is done with a 3D U-Net. We train our model with
two different patch sizes: 64 × 64 × 64 (OursSmall) and 128 × 128 × 64 (OursLarge).

Fig. 1. Pipeline of proposed vessel segmentation method: Starting from a selected seed point, a 3D
sub-region around the seed point is segmented with a U-Net. To contiguously track the vascular
tree, connected branches in the segmented sub region are kept (components from other branches
are removed) and new seed points for further tracking are detected. Such new seed points will be
generated at the faces of the current cubical sub-region depending on the current tracking path
and the number of tree branches in the segmented sub-region. Thus, iteratively the vascular tree
is built up further until no new seed points are detected.


