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Abstract: Monocular depth estimation is an important topic
in minimally invasive surgery, providing valuable information
for downstream application, like navigation systems. Deep
learning for this task requires high amount of training data for
an accurate and robust model. Especially in the medical field
acquiring ground truth depth information is rarely possible due
to patient security and technical limitations. This problem is
being tackled by many approaches including the use of syn-
thetic data. This leads to the question, how well does the syn-
thetic data allow the prediction of depth information on clini-
cal data. To evaluate this, the synthetic data is used to train and
optimize a U-Net, including hyperparameter tuning and aug-
mentation. The trained model is then used to predict the depth
on clinical image and analyzed in quality, consistency over the
same scene, time and color. The results demonstrate that syn-
thetic data sets can be used for training, with an accuracy of
over 77% and a RMSE below 10 mm on the synthetic data set,
do well on resembling clinical data, but also have limitations
due to the complexity of clinical environments. Synthetic data
sets are a promising approach allowing monocular depth esti-
mation in fields with otherwise lacking data.
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1 Introduction
The transition from open surgery to minimally invasive
surgery (MIS) has revolutionized surgical procedures, offer-
ing patients numerous benefits including reduced pain, shorter
hospital stays, and improved cosmetic outcomes [1]. However,
these advancements also bring challenges such as missing tac-
tile feedback, limited field of view, and, in general, more de-
manding surgeries. To overcome these challenges, programs
like navigation assistance systems are being developed [2].
These come with additional demanding tasks, such as 3D to
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3D registration, requiring more information about the envi-
ronment intraoperatively. Since surgeries are performed with
monocular or stereo laparoscopes, depth data can be obtained
through monocular depth estimation (MDE) for both cases.
This study investigates into the potential of MDE through su-
pervised deep learning in complex MIS. However, the current
limitation lies in data scarcity due to missing ground truth in-
formation needed for a supervised approach. These missing in-
formation can not be acquired in a clinical setting due to con-
cerns surrounding patient security and technical limitations.
Supervised approaches need annotated data, reducing the via-
bility in fields where the ground truth can not be acquired [3].
In response, synthetic alternatives have emerged, offering a
pathway for supervised deep learning. This research aims to
explore the benefits and suitability of using synthetic data sets
for exclusive training to predict outcomes in clinical settings,
using an exemplary data set of photo-realistic laparoscopic im-
ages showing the liver region as a proof-of-concept [4, 5]. This
analysis aims to understand the role of synthetic data in over-
coming data constraints, leading to increased performance and
safer information for downstream applications, and contribute
insights into the feasibility and utility of synthetic data sets.

2 Methods
The target is to investigate the ability of an artificial neural net-
work (ANN) to generalize on clinical data when only trained
on synthetic data. To achieve this the model is trained in a su-
pervised way purely on the synthetic data and tested on both
synthetic and clinical data.

2.1 Data Sets

The synthetic data set consists out of 20,000 unique images
from 10 different models with corresponding dense depth
maps. These images were translated into five different styles,
using a generative adversarial network (GAN) on a recreated
surgical environment, resulting in 100,000 photo-realistic im-
ages with pixel-to-pixel ground truth information allowing for
supervised learning [4]. The cholec80 data set, consisting of
80 laparoscopic cholecystectomy surgery videos was used for
qualitative evaluation purposes [5]. Images predominantly fea-
turing the liver were manually selected from the data set.
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2.2 Architecture
In MDE, convolutional neural networks (CNN), recurrent neu-
ral networks, and GANs are commonly used architectures.
Given the limited data provided by the synthetic data set with-
out time dependency, a U-Net CNN was chosen [6]. U-Nets
excel in processing spatial information and are tailored to han-
dle scenarios with limited information, making them well-
suited for the given scenario.

2.3 Synthetic Evaluation
The metrics used for quantitative evaluation are the standard
for MDE and include the root mean square error (RMSE) and
the threshold accuracy metric 𝛿𝑖, which indicates the percent-
age of pixels meeting the following condition:

𝛿𝑖 = max

(︂
𝑑

𝑑*
,
𝑑*

𝑑

)︂
< 1.25𝑖, (1)

where 𝑑 represents each pixel’s estimated depth, 𝑑* denotes
the corresponding ground truth depth and 𝑖 ∈ {1, 2, 3} for 3
thresholds, as suggested by previous works [7]. The first part
of the study focuses on optimizing the network to allow for an
accurate and robust performance on the synthetic data set and
generalization for the clinical data set, using 8 models of the
data set for training and 1 for validation and test each. The op-
timization focuses on hyperparameter tuning in form of com-
paring loss functions and learning rate schedulers. The com-
pared loss functions are L1, L2 and BerHu loss, which other
research has shown to be the most suitable for MDE [8]. Three
different approaches for learning rate scheduler were evalu-
ated: static, dynamic, and cyclic learning rates. To improve the
generalization the input images were augmented by changing
the image colors and cropping the images. The color augmen-
tation was tested in three different intensities: none, middle
and strong augmentation. The brightness, contrast, and satura-
tion were adjusted by 0, 0.5 and 0.5 from 1 and the hue by 0,
0.03, 0.1 from 0.5. The results are compared by utilizing the
five styles provided by the data set. Since these styles represent
a form of unknown augmentation, four of them were employed
for both training and testing to assess overall accuracy. The re-
maining style was exclusively reserved for testing to evaluate
performance on unseen augmentation.

2.4 Clinical Evaluation
To evaluate predictions on the clinical data set, the best per-
forming model from Sec. 2.3 was employed. The missing
ground truth for the clinical data set only allows for a qualita-
tive evaluation, which is divided into three main steps. The first
step involved translating frames from the clinical data set into
depth maps and analyzing them for inconsistencies to provide
a general qualitative evaluation. Do the proportions and trends
in the predictions match the expected results? In the second

step, the impact of color differences between the clinical and
synthetic data sets on the results was examined, investigating
if color augmentation, due to differences in optics, alter the
predictions. This was achieved by adjusting the RGB-values
of the clinical data to match the mean and standard deviation
of the synthetic data set, and then comparing the results with
the original ones. The third step evaluated both spatial and
temporal consistency, evaluating if the network is consistent
and where differences occur. Spatial consistency was assessed
by dividing images into parts for separate prediction, while
temporal consistency was examined by comparing predictions
across successive frames.

3 Results
3.1 Synthetic Evaluation

The analysis of hyperparameter tuning examined the impact
of different loss functions and learning rate schedulers. Re-
sults revealed minimal divergence in accuracy metrics across
varied loss functions as shown in Table 1. For the learning
rate schedulers, the dynamic one resulted in the best average
accuracy and RMSE. Investigating the influence of augmenta-

Tab. 1: Results of the model being trained on synthetic data, com-
paring different loss functions and learning rate schedulers.

Loss Function 𝛿3 ↑ 𝛿2 ↑ 𝛿1 ↑ RMSE↓

L1 98.03% 93.32% 68.94% 8.28 mm
L2 98.04% 92.85% 67.56% 8.21 mm
BerHu 98.12% 93.08% 67.90% 8.38 mm

Learning Rate 𝛿3 ↑ 𝛿2 ↑ 𝛿1 ↑ RMSE↓

Static 98.03% 93.32% 68.94% 8.28 mm
Dynamic 98.27% 93.37% 70.19% 8.02 mm
Cycle 98.10% 92.68% 69.13% 8.40 mm

tion levels on model efficacy showcased that while the most
robust augmentation led to the highest RMSE, the absence of
augmentation yielded the best RMSE score. However, middle-
level augmentation demonstrated superior accuracy metrics.
Furthermore, when compared on an unseen style, middle-level
augmentation surpassed no augmentation across all metrics
as seen on Table 2. These experiments resulted in the best
achieved model in Table 3 showing results like Figure 1.

3.2 Clinical Experiment

The translation of clinical images is shown Figure 2. In this im-
age, the anticipated lowest depth was observed at the bottom,
corresponding to the location of the liver, with depth increas-
ing towards the abdominal wall in the background. Moreover,
the ligament on the liver is depicted within the anticipated
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Tab. 2: Results of the model being trained on four styles the syn-
thetic data with different augmentations. First tested on the four
styles to compare the different augmentations. Then tested on the
unseen style five to estimate the generalization of the network.

Augmentation 𝛿3 ↑ 𝛿2 ↑ 𝛿1 ↑ RMSE↓

No 97.16% 91.25% 67.14% 10.86 mm
Middle 97.44% 91.37% 67.80% 11.31 mm
Strong 97.56% 90.80% 64.53% 12.05 mm

Unseen Style 𝛿3 ↑ 𝛿2 ↑ 𝛿1 ↑ RMSE↓

No 96.97% 89.29% 62.43% 19.82 mm
Middle 98.30% 91.86% 68.01% 10.89 mm

Tab. 3: Results of the model being trained on synthetic data with
augmentation.

Metric 𝛿3 ↑ 𝛿2 ↑ 𝛿1 ↑ RMSE↓

Result 99.19% 96.22% 77.15% 9.98 mm

depth range and is distinctly separated from the abdominal
wall. In images portraying scenes not present in the synthetic
data set, errors may be observed. This is shown in Figure 3,
where the puncture of the abdominal wall, expected to be a
low depth, is not accurately depicted in the prediction. In the
second step, adjusting the color to match the mean and stan-
dard deviation of the RGB-values, demonstrated minimal dif-
ferences in predictions. Figure 4 displays the resulting predic-
tions and their variances, with only portions of the background
showing slightly greater disparities between the images. Spa-
tial consistency assessments, achieved through image segmen-
tation for separate prediction comparisons, showcased precise
predictions across various image regions. Only in images with
little information or light, as seen in the top left corner of
Figure 5, the predictions differ over multiple images. Further-
more, temporal consistency examinations, involving the com-
parison of predictions across successive frames, underscored

Fig. 1: Synthetic data: Image, prediction, ground truth information
as well as the metrics in form of the difference and accuracy.

Fig. 2: Clinical image on the left and the depth prediction on the
right. The image depicts the liver with the ligament in the front and
the abdominal wall in the background.

Fig. 3: Clinical image on the left side and the depth prediction on
the right side. The image depicts a puncture of the abdominal wall
in the front, with the liver and the abdominal wall in the back.

the model’s stability over time. These findings jointly demon-
strated the robustness and accuracy of the model’s predictions,
underscoring their potential for clinical applications.

4 Discussion
4.1 Synthetic Evaluation
The network seems to be capable of estimating depth within
the synthetic data mimicking photo-realistic laparoscopic
scenes. The experiments indicate that all loss functions yield
similarly favorable outcomes, with each excelling in specific
metrics. L1 loss was chosen due to 𝛿1, showing the most

Fig. 4: Original image with the depth prediction in the first row,
and the color adjusted image and the corresponding translation in
the second row. On the right, the difference calculated by subtract-
ing the original prediction from the color adjusted prediction.
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Fig. 5: Image split into three parts with corresponding depth pre-
dictions.

promising results with focus on the liver. RMSE and 𝛿3 are
more affected by the background. Regarding learning rate
schedulers, the dynamic approach demonstrates superior per-
formance. The method of enhancing hyperparameters may
result in suboptimal outcomes due to parameter interdepen-
dence. A method like grid search could lead to potential im-
provements. The augmentation results indicate that the mid-
dle configuration preserves metrics and enables generaliza-
tion across different optics or styles. Specifically, the first part
demonstrates that the middle augmentation maintains accu-
racy on known styles, while the second part reveals a signifi-
cant drop in accuracy over unknown styles if no augmentation
is utilized.

4.2 Clinical Evaluation

The translations of clinical data indicated that scenes simi-
lar to the synthetic data set produced expected results, while
unfamiliar scenes resulted in errors. The post-training color
augmentation of clinical images reveals that color adjustment
does not significantly alter predictions in the areas of inter-
ests. These findings suggest that color adjustment can be com-
pensated by simple augmentation in the training. The spatial
consistency showed only minor inconsistencies in depth pre-
dictions across overlapping regions were observed, maintain-
ing a consistent form. In areas with little information, through
cut of of scenes, capturing more images from diverse view-
points and gathering additional scene information could po-
tentially mitigate such inconsistencies. The temporal consis-
tency of depth predictions across sequential frames indicates

consistent depth and form across frames, although factors like
reflections can introduce deviations, if the reflections cover in-
formation like boarders between organs. Future solutions may
involve enabling the ANN to gather more information, such as
employing time-sensitive inputs to incorporate data from pre-
vious frames for more accurate predictions.

5 Conclusion
This study demonstrates the potential of synthetic data sets in
addressing data scarcity challenges in MDE for MIS. By lever-
aging supervised learning with U-Net architecture and con-
ducting optimization and generalization experiments, we have
demonstrated the feasibility of training deep learning models
exclusively on synthetic data for clinical outcome predictions.
Our findings indicate the effectiveness of synthetic data sets
in yielding promising results with high accuracy metrics and
minimal RMSE on synthetic data. However, transferring this
performance to clinical data remains a complex task, requir-
ing careful consideration of various factors such as data set
complexity, necessitating consideration of factors like data set
complexity. Nevertheless, synthetic data sets offer a controlled
and privacy-compliant approach to data generation, facilitat-
ing safer and more efficient training of deep learning models
in the medical field. Further research is needed to address the
remaining challenges and enhance the generalization capabili-
ties of models trained on synthetic data for real-world clinical
applications. Especially, a quantitative evaluation of the clini-
cal data is necessary.
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