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Lernziel 

Das Ziel dieses Praktikums besteht darin, die Vermittlungsschicht anhand von eigenen Experimenten im 
Kommunikationsnetze-Labor zu verstehen. Dabei wird auch der Bezug zur Sicherungsschicht hergestellt. 
Im Praktikum wird ein Router konfiguriert und das Werkzeug Wireshark verwendet, um Routing-Protokolle 
zu analysieren und das Hilfsprotokoll DHCP zu untersuchen. Dabei wird das Verständnis für den Aufbau 
von Schichten und Protokollen vertieft. Die Teilnehmer*innen sind anschließend in der Lage 

• das Protokoll DHCP zur automatischen Konfigurationszuweisung zu verwenden, 

• das Routing-Protokoll OSPF zu konfigurieren, 

• die Funktionsweise dieses Routing-Protokolls zu verstehen, 

• die Zustellung von IP-Paketen im Netz inkl. ARP zu beschreiben, 

• die Rolle der Subnetzmaske und des Default Gateways zu erklären, 

• die Kommandos ping und tracert zur Diagnose von Netzwerkproblemen einzusetzen und deren 
Funktionsweise zu beschreiben. 
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MOTIVATION

• Limited amount of public bronchoscopy videos is 
available for training deep learning models

• In contrast, large-scale public CT datasets do exist
à can be used for GAN-based image synthesis

• Use anatomy from CT-rendered 
virtual bronchoscopy and lung 
phantoms as source domain

• Use appearance from limited in-/
ex-vivo videos as target domain

QUALITATIVE RESULTS

METHOD
• Use intermediate depth image representation 

obtained from foundational model (DepthAnything)
  à Domain-agnostic representation
• Segment anatomical structures (bronchial orifice) 

from depth images using training-free segmentation
• Condition image synthesis on segmentation maps of 

input and generator output
  à Structure guidance using DICE loss

BronchoGAN architecture incorporating domain-agnostic image representations, 
training-free orifice segmentation and structure guidance.

QUANTITATIVE RESULTS

CONCLUSION

• GAN-based image translation tends to mode collapse 
and faces domain gaps in bronchoscopy
à use intermediate representation (depthAnything)

• Use segmentation maps to guide image synthesis
and preserve anatomy (bronchial orifice)

• Future work addresses the integration of detailed 
labelling and multiclass segmentation 
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Fig. 3 illustrates resulting outputs and intermediate steps for our proposed
models, pix2pix depth and BronchoGAN. Fig. 2, 3 and 4 show visual outputs
of all investigated GAN models. Quantitative results are shown in Table 1.

3.1 Results

Model FID ↓ SSIM ↑ DICE ↑
cycleGAN 1717.9574 0.2831 0.2412
pix2pix base 1564.0430 0.4042 0.3950
pix2pix depth (ours) 1006.5910 0.3875 0.6334
BronchoGAN (ours) 770.6833 0.4623 0.6743

Table 1: Quantitative results obtained for 2 271 VB test images of the Har-
vard image dataset [34]. Dice coe!cients were estimated based on input and
synthesized image bronchial orifice segmentations obtained with our training-
free pipeline. [31].

Discussion

Our experiments highlight significant advantages of leveraging depth images
(inferred from a foundation model) as intermediate representations for image
translation tasks, as opposed to directly training on RGB images. This
approach not only facilitates more robust translation results but also simplifies
the process of constructing image pairs for training. When comparing visual
outputs and quantitative metrics of BronchoGAN and pix2pix depth, the dif-
ferences are less evident than when contrasted with the baselines. Slightly
better dice coe!cients for BronchoGAN demonstrated improved preservation
of bronchial orifices. Depth images inherently encode airway entrances, as
they predominantly capture the distal structures within the bronchoscopic
field of view. We expect that this is the reason why we could not observe
more significant di”erences when comparing our approaches pix2pix depth
and BronchoGAN. However, we anticipate that the benefit of incorporating
anatomical constraints will become more obvious when incorporating patients
cohorts with > 1 000 patients as airway abnormalities are not as frequent
in the population as already reported in [1]. Also, when a substantial larger
anatomical variation from VB data faces a limited amount of RB images (with
limited anatomical variation) we expect more significant di”erences with our
GAN being strongly guided by the segmentation priors.
Limitations. The requirement of circularly cropped images for pix2pix base
slightly limits the (visual) comparison to the other models (our quantita-
tive comparison take this into consideration). However, this is necessary since
aligned image pairs were constructed in this way [4]. The anatomical variance
covered by our training and test data is currently limited.
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Fig. 1: BronchoGAN architecture: RGB input images from virtual bron-
choscopy and phantom datasets are processed by depthAnything generating a
depth image as intermediate representation. A cGAN is trained on this depth
images synthesizing real bronchoscopy using a hierarchical pix2pixHD. The
output is translated to a depth image again. Bronchial orifices are segmented
from both, input and output depth images using [21].

significant breakthrough for zero-shot inference has been achieved with the
advent of foundation models such as DINO [26] and DepthAnything [27].
Depth images have found applications in several endoscopy-related tasks [28],
including bronchoscopy [29], since they provide a domain-agnostic represen-
tation, where the scene semantic is preserved. However, these applications
have primarily motivated on leveraging depth data for direct benefits in 3D-
reconstruction as well as visual mapping and tracking, except for [17, 30]. In
this work, we adopt depth images as an intermediate, domain-agnostic repre-
sentation to address challenges associated with limited training datasets. This
approach aims to mitigate adverse impacts on image translation, enabling more
robust and generalized solutions.
Key contributions:

1. The integration of a foundation model for estimating depth images as
domain-agnostic (intermediate) image representation

2. An extended cGAN [9] model incorporating segmentation priors for
anatomically consistent image translation with the goal of mimicking in-vivo
and ex-vivo appearance

Both, depth estimation [27] and bronchial orifice segmentation incorporated
in our paper [31], are training-free pipelines making our approach partic-
ularly well-suited for domain-agnostic image translation with limited data
availability.
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Fig. 3: Results obtained using our method BronchoGAN. It shows input
RGB images (VB, RB, phantom), depth images inferred from input RGB
images using depthAnything and extracted airway orifices thereof. Depth
images are inferred again from the generated (GAN) output image. Anatom-
ical constraints: Penalization depending on segmentation maps constructed
from input’s and output’s depth images (dice loss).
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Fig. 3: Results obtained using our method BronchoGAN. It shows input
RGB images (VB, RB, phantom), depth images inferred from input RGB
images using depthAnything and extracted airway orifices thereof. Depth
images are inferred again from the generated (GAN) output image. Anatom-
ical constraints: Penalization depending on segmentation maps constructed
from input’s and output’s depth images (dice loss).

PROBLEM STATEMENT

• GAN: Risk of mode collapse for limited training data
• Anatomy (bronchial orifice) not accurately preserved
• Different visual appearances (virtual bronchoscopy, 

phantom material/lightning)  à domain gap

BronchoGAN results 
(our method) using 
depth images as 
intermediate 
representation and 
structure guided 
image translation 
based on anatomical 
constraints 
(bronchial orifice). 
We can translate any 
input domain to in-
vivo appearance.

BronchoGAN compared to baselines. pix2pix_baseline uses RGB, pix2pix_depth uses 
depth input (no segmentation) while BronchoGAN uses depth and segmentations.
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Fig. 4: Qualitative comparison of our proposed models BronchoGAN and
pix2pix depth vs. the baseline pix2pix base. Note that pix2pix base was unable
to preserve input bronchial orifices in multiple cases. Also, domain gaps become
apparent in row 2.
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Fig. 4: Qualitative comparison of our proposed models BronchoGAN and
pix2pix depth vs. the baseline pix2pix base. Note that pix2pix base was unable
to preserve input bronchial orifices in multiple cases. Also, domain gaps become
apparent in row 2.
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Fig. 4: Qualitative comparison of our proposed models BronchoGAN and
pix2pix depth vs. the baseline pix2pix base. Note that pix2pix base was unable
to preserve input bronchial orifices in multiple cases. Also, domain gaps become
apparent in row 2.
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Fig. 4: Qualitative comparison of our proposed models BronchoGAN and
pix2pix depth vs. the baseline pix2pix base. Note that pix2pix base was unable
to preserve input bronchial orifices in multiple cases. Also, domain gaps become
apparent in row 2.
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Fig. 2: Qualitative results for baseline model CycleGAN. Input was an RGB
image from VB and phantom datasets. Note that bronchial orifices are not
preserved in multiple cases.

4 Conclusion

We proposed two novelties in the context of GAN-based image translation for
bronchoscopy: (a) an intermediate image representation spanned by a robust
depth foundation model closing frequently reported domain gaps in bron-
choscopy due to limited data availability [1, 31] and (b) the utilization of
anatomical guidance penalizing inadequate overlap of bronchial orifices mea-
sured on input and output images. We showed that both elements contribute
to domain-agnostic and anatomically stable image translation in bronchoscopy.
In our future work, we will incorporate VB images from large-scale public
CT datasets to further stabilize translation and to enable more exhaustive
testing of varying anatomies. BronchoGAN can substantially contribute to
training more robust models for bronchoscopy image synthesis closing domain
gaps due to limited datasets. This will become evident for promoting deep
learning-based visual guidance for interventions in pulmonology.

Declarations

The authors have no relevant financial or non-financial interests to disclose.

CycleGAN results. 
Unpaired image 
translation baseline 
fails to preserve 
anatomy and 
cannot account
for domain gaps.
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Fig. 4: Qualitative comparison of our proposed models BronchoGAN and
pix2pix depth vs. the baseline pix2pix base. Note that pix2pix base is unable
to preserve input airway orifices in multiple cases. Also, domain gaps become
apparent in row 2.

Springer Nature 2021 LATEX template

11

pix2pix_baseline pix2pix_depthInput RGB BronchoGAN

Vi
rt

ua
l

br
on

ch
os

co
py

Vi
rt

ua
l

br
on

ch
os

co
py

Vi
rt

ua
l

br
on

ch
os

co
py

Co
m

pl
ex

ph
an

to
m

Co
m

pl
ex

ph
an

to
m

Fig. 4: Qualitative comparison of our proposed models BronchoGAN and
pix2pix depth vs. the baseline pix2pix base. Note that pix2pix base is unable
to preserve input airway orifices in multiple cases. Also, domain gaps become
apparent in row 2.


