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Abstract

In valve-sparing aortic root reconstruction surgery, esti-
mating the individual healthy shape of the aortic root as it
was before pathological deformation is a challenging task.
However, exactly this estimation is necessary to develop
personalized aortic root prostheses. To support the sur-
geon in this decision making, we present a novel approach
to reconstruct the healthy shape of an aortic root based on
ultrasound images of its pathologically dilated state using
representation learning.

The idea is to identify a suitable representation of
healthy and pathological aortic root shapes using a super-
vised variational autoencoder. Then, an image of the di-
lated root can be encoded, manipulated in the latent space,
i.e. shifted towards the distribution of healthy valves, and
a synthetic image of this resulting shape can be generated
using the decoder.

We evaluate our method on an ex-vivo porcine data set
and provide a proof-of-concept of our method in a quali-
tative and quantitavie way. Our results indicate the great
potential of reducing a complex shape deformation task
to a simple and intuitive shifting towards a specific class.
Hence, our method could play an important role in the
shaping of personalized implants and is, due to its data-
driven nature, not limited to cardiovascular applications
but also for other organs.

1. Introduction

Valve-sparing aortic root reconstruction presents a
promising treatment for patients suffering from aortic root
dilation [1]. This dilation caused by an aneurysm within
the aortic root wall dramatically increases the risk of aor-
tic wall rupture and affects the functionality of the aortic
valve, leading to valve insufficiency [2]. The idea of the
reconstruction surgery is to remove the dilated aortic root
in an open surgery and remodel its original, healthy shape
using a graft prosthesis. The patient’s own aortic valve is
spared and sued into this prosthesis during the surgery.

Even though this technique allows for personalized

treatment, the determination of the individually optimal
prosthesis size and shape is challenging. The main rea-
son for this is that only the pathologically dilated state of
the aortic root can be assessed while the healthy shape is
typically unknown. Hence, an assistive tool supporting the
surgeons decision making should be capable of estimating
the individual healthy shape of the aortic root only based
on images of the pathologically dilated shape. Our goal is
the development of such a tool to assist the surgeon in his
or her decision making.

As this problem is about infering from image informa-
tion, machine learning is a promising approach to solve
this problem. However, classical supervised learning tech-
niques, where the prediction model learns the mapping
from a dilated shape to the corresponding healthy shape
based on annotated shape pairs (comparable to [3]), suffer
from the unrealistic demand for training data as collect-
ing these shape pairs in a clinical study is very unlikely.
Hence, the prediction model should be trainable on a data
set of healthy and dilated aortic roots without the need of
knowing both states of one aortic root.

In this work, we present a novel approach to tackle this
problem using representation learning. The main idea is
to find a good representation of aortic root shapes using
a variational autoencoder. Within this representation, i.e.
the latent space of the autoencoder, the reconstruction of a
healthy shape simplifies to the translation of a dilated sam-
ple through the latent space towards the healthy samples.
As the decoder network is implicitly trained, it is possible
to generate a synthetic medical image of the reconstructed
aortic root shape. We introduce this concept of representa-
tion learning for planning valve-sparing aortic root recon-
structions and present a proof-of-concept on an ex-vivo pig
data set.

2. Proposed Concept

The main concept relies on finding a good representa-
tion of the aortic root shape. As this representation is
learned data-drivenly, it is referred to as the latent space.
Each point in this latent space describes one root shape
and the pathology changes the shape of the aortic root,
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Figure 1. Encoding of pathological and healthy aortic root
shapes in a suitable latent space, exemplarily shown in two
dimensions.

so all known samples should lie in two distinct clusters,
representing healthy and pathological shapes (see Fig. 1).
Hence, two different kinds of variance can be observed
within the latent space: the individual variance and the
pathological variance. The individual variance describes
the shape differences from patient to patient and leads to
the spreading of the data points within one cluster. The
pathological variance describes the change in the anatomy
caused by the pathology and describes the difference be-
tween the two clusters. If the representation is sufficient, it
is clearly visible that a reconstruction of the healthy shape
based on the pathological shape can be seen as the trans-
lation of a dilated sample along the direction of the patho-
logical variance while sparing as much as possible of the
individual variance. Hence, the problem simplifies to a
vector translation of a dilated sample through the latent
space towards the cluster of healthy shapes (see Fig. 2).
One possible translation is the vector that points from the
mean of dilated samples to the mean of healthy samples,
i.e. from one cluster center to the other one.

Like this, the complex shape deformation in image
space can be broken down to a simple vector translation
if the representation is sufficient. To find this suitable rep-
resentation, we propose to use a supervised variational au-
toencoder. The encoder maps a medical image, for exam-
ple an ultrasound image, to the latent space and using the
decoder, synthetic images of the estimated healthy aortic
root shape can be generated.

3. Material & Methods

To validate our proposed concept, we applied the pro-
cedure to an ex-vivo porcine data set. We implemented
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Figure 2. The reconstruction can be performed by trans-
lating an encoded pathological sample towards the distri-
bution of healthy root shapes.

the representation learning and evaluated the capability of
reconstructing individual healthy shapes, qualitatively and
quantitatively. In the following paragraphs, we present the
details of this evaluation.

3.1. Data Set

To evaluate our method, we tested it on an ex-vivo
porcine data set. The data set was published in [3] and con-
sists of 3D ultrasound images of 24 isolated aortic roots
in the closed state under physiologically realistic pres-
sure conditions. During the collection of the data set, at
first, images of the natural aortic roots were taken. Then,
the roots were manually dilated simulating a pathological
aneurysm by making small incisions in the root wall and
sewing in additional tissue. Afterwards, images were taken
again. Hence, for each of the aortic roots, the healthy as
well as the dilated state is known, resulting in 48 ultra-
sound volumes in total. In this first approach, we extracted
one 2D slice image from each volume in which the com-
missure plane, i.e. the slice image were all three commis-
sure points are visible, is shown [3].

This data set has the big advantage that for each dilated
aortic root, the original healthy shape is known. Hence,
this ground truth can be addressed during evaluation.

3.2. Network Training

As mentioned above, we propose to utilize a supervised
variational autoencoder [4] for finding a sufficient repre-
sentation. In this study, the encoder network q consists of
five convolutional layers with kernel size equals to three
[5]. The activation function used within the layers is ReLu
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activation. Each convolutional layer is followed by an av-
erage pooling layer with a kernel size of two. This enables
a smooth transition to the low-dimensional bottleneck rep-
resentation. The decoder network p is obtained by mirror-
ing the encoder architecture with the average pooling being
replaced by upsampling.

The latent space is represented by a dense layer with a
size of 16 nodes. As mentioned above, we added a second
branch to the network in parallel to the decoder that we
call the discriminative branch (d). To this end, we added
a dense layer with softmax activation that gets the latent
space representation as an input. In an ideal scenario, the
output of this branch for an aortic root image should be the
correct binary label, i.e. healthy or pathological.

As a result, we defined a custom loss function that com-
bines classical variational autoencoder loss Lvae [4] with
the classification loss in the discriminative branch Ld. The
loss function L is defined as

L(wq, wp, wd) =αLvae + (1− α)Ld

=α(E(log p(X|z))−Dkl(q(z|X)||p(z)))

+ (1− α)Dbce(d(q(X)), ytrue),

(1)

where X is the input image, ytrue is the true binary la-
bel of this image (healthy or pathological), wq , wp and wd

are the weights of the encoder, decoder and discriminator,
respectively, Dkl is the Kullback-Leibler-Divergence and
Dbce is the binary cross entropy [5]. The parameter α con-
trols the weighting between Lvae and Ld. In this study,
we set α = 0.5, so both parts of the loss function were
weighted equally.

The implementation and training of the supervised vari-
ational autoencoder was done with the help of the keras
package with tensorflow backend [6].

3.3. Reconstruction & Evaluation

In this study, we aimed on a qualitative as well as on
a quantitative evaluation. However, quantifying the accu-
racy of our proposed method is quite hard as a generated
image should be compared to a real ultrasound image with
sparse structure. In this study, we used the mean squared
error (MSE) as well as the structural similarity (SSIM)
as metrics to compare pairs of images [7]. To assess the
improvement of shape similarity through our reconstruc-
tion process, we calculated both error metrics between the
pathological and the healthy image as well as between the
reconstructed and the healthy image, respectively. As the
roots within the images are not aligned and the shape simi-
larity assessment should be rotational and translational in-

variant, we first applied an intensity-based rigid image reg-
istration to the image pairs to align the roots before com-
paring them.

The whole evaluation was performed using a 6-fold
cross validation on the roots, i.e. on pairs of pathologi-
cal and corresponding healthy images. Within the cross
validation, the evaluation pipeline was as follows: The
representation learning network was trained on the train-
ing set and the translation vector t was calculated as the
vector pointing from the mean of the pathological roots to
the mean of the healthy roots in the latent space descrip-
tion. Then, the pathological images xpathologic of the test
set were encoded to their latent space description, manip-
ulated by adding the translation vector t and the resulting
point was decoded using the decoder:

xreco = p(q(xpathologic) + t) (2)

The resulting reconstructed images xreco were com-
pared to their corresponding healthy ground truth as writ-
ten above.

4. Results

The qualitative analysis reveiled that our proposed
method was capable of producing realistic aortic root
shapes. The reconstructed roots do not show the typi-
cal patterns of a pathological dilation and even individual
properties of the root geometries are spared during the re-
construction. Fig. 3 examplarily shows the reconstruction
result for three aortic roots. The results of the quantitative
analysis are shown in Table 1. By applying our method, the
similarity to the healthy image could be greatly increased
compared to the pathological image.

Table 1. Quantitative evaluation.

Image Pairs MSE SSIM
Pathologic vs. Healthy 502.58 0.76
Reconstructed vs. Healthy 389.0 0.82
Relative Improvement 29.2 % 7.8 %

5. Discussion

The qualitative results indicate the power of the pro-
posed representation learning network as it was capable of
reducing the influence of the pathology on the root shape
while individual properties were still clearly visible after
the reconstruction. We can assume that the latent space
description is smooth as all generated images showed re-
alistic aortic root shapes. The quantitative results support
these findings. Even though the absolute values of the er-
ror metrics are far from optimal, we focus on the improve-
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Figure 3. Qualitative reconstruction results for three
roots, showing the pathological, the reconstructed and the
healthy image.

ment in similarity that we can achieve using our recon-
struction as the comparison of ultrasound images with such
a sparse structure like an isolated aortic root in a rotational
and translational invariant way is very challenging.

Our results indicate that the reconstruction using a quite
simple manipulation in a sufficient latent space is possible
and produces realistic results that are quite similar to the
healthy ground truth. Of course, the artificially induced
dilation in the data set does not necessarily mimic a real-
istic pathology. However, our method is not relying on a
handcrafted model but works with variances observed in
the data set. Hence, we think that the model should be ap-
plicable to real clinical data as well as long as a training
set is available. Additional to this step towards clinical ap-
plication, future work will include a deeper analysis of dif-
ferent architecture types as well as the integration of non-
linear manipulations within the latent space. One approach
for the latter problem might be to learn these manipulations
implicitly from the data set to get rid of a handcrafted ma-
nipulation scheme. Another interesting analysis would be
the interpretation of the latent space dimensions to under-
stand what kind of variance is encoded in a dimension.

To the best of our knowledge, we presented the first ap-
proach to estimate healthy organ shapes based on patho-
logic ones using latent space manipulation. Utilizing rep-
resentation learning, we were able to reduce a complex
shape transformation to a simple and intuitive translation
task, opening up a new field of explainable and control-
lable machine learning methods for surgery planning. We

could achieve a proof-of-concept on a data set of ultra-
sound images of porcine aortic roots. However, the pro-
posed method is not limited to this application and could
be relevant for other challenges within the whole field of
personalized prosthetics.
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