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Abstract: The lack of labeled, intraoperative patient data
in medical scenarios poses a relevant challenge for machine
learning applications. Given the apparent power of machine
learning, this study examines how synthetically-generated data
can help to reduce the amount of clinical data needed for ro-
bust liver surface segmentation in laparoscopic images. Here,
we report the results of three experiments, using 525 anno-
tated clinical images from 5 patients alongside 20,000 syn-
thetic photo-realistic images from 10 patient models. The ef-
fectiveness of the use of synthetic data is compared to the
use of data augmentation, a traditional performance-enhancing
technique. For training, a supervised approach employing the
U-Net architecture was chosen. The results of these experi-
ments show a progressive increase in accuracy. Our base ex-
periment on clinical data yielded an 𝐹1 score of 0.72. Apply-
ing data augmentation to this model increased the 𝐹1 score to
0.76. Our model pre-trained on synthetic data and fine-tuned
with augmented data achieved an 𝐹1 score of 0.80, a 4% in-
crease. Additionally, a model evaluation involving k-fold cross
validation highlighted the dependency of the result on the test
set. These results demonstrate that leveraging synthetic data
has the ability of limiting the need for more patient data to
increase the segmentation performance.
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1 Introduction

Minimally invasive interventions offer numerous advantages
over open surgery [1]. However, laparoscopic procedures on
complex organs like the liver are challenging [2]. In re-
cent years it has become apparent that machine learning has
the power to aid the surgeon during operation, for example
through semantic image segmentation [3]. Supervised training
of an artificial neural network requires a large amount of la-
beled data with a diverse set of examples to ensure generaliza-
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tion to a wide range of scenarios [4]. However, such datasets
are often not available, especially in the medical domain. We
investigate the use of synthetic data with the objective to al-
leviate the problem of insufficient clinical data [5]. Here, we
report on ways of utilizing synthetic data by comparing its per-
formance to models trained solely with clinical data. The train-
ing approach employs a supervised training using the U-Net
architecture [6].

2 Methods

2.1 Datasets

We utilized two datasets in this study. The first, clinical dataset
consists of 525 annotated images obtained from five patient
videos and was provided by the Universitätsklinikum Köln.
Each frame of the patient videos was annotated by hand,
meaning a segmentation map containing segmentations of the
liver and accordingly of the background was created for each
frame. The second, synthetic dataset encompasses 20,000 im-
ages sourced from 10 patient models [5]. The synthetic im-
ages were generated to simulate photo-realistic laparoscopic
images. To achieve this, images with a basic outline of a la-
paroscopic liver surgery scene were produced from a 3D CT
liver dataset, which were used to train a setup of generative
adversarial networks. Corresponding segmentation masks for
the liver and background are supplied. For further information
we refer to [5].

2.2 Approach

The approach involves supervised training of the U-Net archi-
tecture [6]. Because the clinical and synthetic data are struc-
tured into patient videos, it is the natural choice to choose the
training, validation and test split by patient videos. Accord-
ingly, one patient video was designated for the test set, another
for the validation set and the remaining patient videos were al-
located to the training set.
For the loss function, cross-entropy [7] was selected while the
optimization algorithm used was adam [8], initialized with the
default learning rate of 1 · 10−3. The number of epochs for
training was set using early-stopping [4].
We employed data augmentation to artificially increase the
size of the clinical dataset, utilizing a combination of geometry
and color space transformation techniques [4, 9]. Flipping and
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random elastic deformation were selected as geometry trans-
formation techniques. Random elastic deformation is consid-
ered as being the data augmentation technique which produces
the best performance improvement [6]. For the clinical images,
we determined the suitable values of the random elastic defor-
mation to be 25 for sigma and the dimension of the kernel
as 6 × 6 for the Gaussian filter [10]. Additionally, brightness
changes were implemented. The data augmentation techniques
were applied in a random fashion: On half of the images we
used a combination of horizontal and/or vertical flipping and
brightness increase or decrease by a random factor (maximum
by half). On the other half we carried out random elastic de-
formation. The original images were retained in the training
set, effectively doubling its size. All augmentation techniques
were conducted prior to training, ensuring the random appli-
cation of the techniques did not distort the results.
We implemented a 5-fold cross validation method for the clin-
ical data, with each patient video serving as a fold. No valida-
tion set was used, ensuring the same conditions for all models.
This methodology created five models, from which we derived
the average results, avoiding an influence by the choice of the
test set [4].

2.3 Experiments

The experiments can be categorized in three main parts: clin-
ical, synthetic and combined experiments. First, the U-Net
was trained just with the clinical data (Exp. 1a). Next, a new
model was trained with augmented clinical data (Exp. 1b).
Both models were tested on clinical data. In the second part,
the U-Net was trained with synthetic data. This model was
tested on both synthetic (Exp. 2a) and clinical (Exp. 2b) data.
Lastly, a model pre-trained with synthetic data was fine-tuned
with augmented clinical data (Exp. 3a). A 5-fold cross vali-
dation (Exp. 3b) was then performed as the final experiment.
All models were tested on clinical data. Apart from the 5-
fold cross validation experiment, all models were tested on the
same patient video (clinical or synthetic) to ensure compara-
bility between the models. The accuracy metrics used were
recall (R), precision (P) and the 𝐹1 score (𝐹1).

Fig. 1: Experiment 1a. Model trained with clinical data and tested
on clinical data.

Fig. 2: Experiment 1b. Model trained with augmented clinical data
and tested on clinical data.

Fig. 3: Experiment 2a. Model trained with synthetic data and
tested on synthetic data.

3 Results

Figures 1 − 6 show a qualitative image analysis, where R, P
and 𝐹1 are given for each test image. The accuracy metrics
stated in this section are the average values taken across the
accuracy metrics of all images in the test set.

3.1 Clinical Experiments
Exp. 1a: Base Experiment The results for the qualitative im-
age analysis are depicted in Figure 1. The prediction for the
top image achieved values of 0.88, 0.93 and 0.91 for R, P and
𝐹1, respectively, while the prediction for the bottom image re-
turned values of 0.51, 0.68 and 0.58. The average R, P and 𝐹1

scores across the whole dataset were 0.67, 0.77 and 0.72, re-
spectively (see Table 1a).
Exp. 1b: Data Augmentation In comparison, Figure 2 illus-
trates the qualitative image analysis for a model trained with
data augmentation. For the top image, R, P and 𝐹1 were 0.81,
0.86, and 0.83. Conversely, for the bottom image, these met-
rics were 0.68, 0.75, and 0.71. The average results across the
entire test set (Table 1a) led to values of 0.74, 0.78, and 0.76
for R, P and 𝐹1, respectively.

3.2 Synthetic Experiments
Exp. 2a: Testing on Synthetic Data Figure 3 displays the
qualitative image analysis. The prediction for the top image
achieved a value of 0.98 for R, P and 𝐹1, while the predic-
tion for the bottom image returned values of 0.99, 1.00 and
0.99. Table 1a presents the average accuracy metrics across
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Fig. 4: Experiment 2b. Model trained with synthetic data and
tested on clinical data.

Fig. 5: Experiment 3a. Model pre-trained with synthetic data and
fine-tuned with augmented clinical data. Tested on clinical data.

the dataset, indicating values of 0.96, 0.97, and 0.97 for R, P,
and 𝐹1, respectively.
Exp. 2b: Testing on Clinical Data The results are illustrated
in Figure 4. For the prediction of the top image, R, P and 𝐹1

were 0.01, 1.00, and 0.02, respectively. Conversely, the pre-
diction of the bottom image achieved values of 0.98, 0.93, and
0.95, respectively. Upon averaging the test results across the
entire clinical dataset, the resulting values for R, P and 𝐹1 were
0.12, 0.51, and 0.17, respectively (see Table 1a).

3.3 Combined Experiment

Exp. 3a: Pre-Training and Fine-Tuning Figure 5 depicts the
results. The top image attained prediction results of 0.88, 0.97
and 0.92 for R, P and 𝐹1, respectively, while the bottom image
reached results of 0.64, 0.98 and 0.77. The average accuracy
metrics (Table 1a) were 0.69, 0.95 and 0.80.
Exp. 3b: 5-Fold Cross Validation The results for the 5-fold
cross validation are illustrated in Figure 6. Table 1b gives the
average accuracy metrics for each model tested with the spe-
cific test set. The values for the 𝐹1 score ranged from 0.72
to 0.94, where patient 2 achieved the lowest and patient 4 the
highest 𝐹1 score. Upon averaging the test results of all 5 mod-
els, R reached a value of 0.83, P a value of 0.91 and the overall
𝐹1 score was 0.85.

4 Discussion

The results garnered through our experiments highlight the ca-
pabilities of deep learning, more specifically the U-Net, to seg-

Fig. 6: Experiment 3b. 5-fold cross validation. Models pre-trained
with synthetic data and fine-tuned with augmented clinical data.
Tested on clinical data.

Tab. 1: Accuracy metrics of all experiments. The R, P and 𝐹1

scores are given for each model. The result is the average value
across the whole test dataset.

(a) Exp. 1a - Exp. 3a
experiment R P 𝐹1 score

Exp. 1a 0.67 0.77 0.72
Exp. 1b 0.74 0.78 0.76
Exp. 2a 0.96 0.97 0.97
Exp. 2b 0.12 0.51 0.17
Exp. 3a 0.69 0.95 0.80

(b) Exp. 3b: 5-fold cross validation

test patient R P 𝐹1 score

patient 1 0.85 0.94 0.88
patient 2 0.67 0.86 0.72
patient 3 0.98 0.87 0.92
patient 4 0.91 0.97 0.94
patient 5 0.75 0.90 0.81
average 0.83 0.91 0.85

ment the liver in laparoscopic images. This accomplishment
could be achieved even with a small dataset.
The clinical experiment exemplifies the impact of using data
augmentation for training. Despite notable success, challenges
arose from reflections on the liver surface. Furthermore, in-
cisions on the liver surface posed difficulties. This suggests
the model struggles with unseen features, because the patient
video used as a test set here is the only video containing an ex-
ample of such an incision. Noteworthy here is also the absence
of incisions in the synthetic dataset.
In contrast, the second test image exhibited a lower 𝐹1 score,
with challenges including misclassification of background as

602



J. Sleeman et al., Liver Segmentation in Laparoscopic Images

liver due to similar appearances and complexities in darker
regions. Data augmentation was explored in Exp. 1b, lead-
ing to varying results. While the first test image in Figure 2
experienced an 8% decrease in 𝐹1 score, the second test im-
age showed a 13% increase. Overall, a 4% improvement in
𝐹1 score compared to without data augmentation could be
reached. These findings suggest that while data augmentation
can improve model robustness and accuracy, its effectiveness
may vary across different scenarios. Striking the right balance
between producing a variation of an image and realism is key
here.
In the synthetic experiment, the effectiveness of training with
synthetic data and its relevance to clinical scenarios is ex-
plored. The model showcased near-perfect segmentation when
tested on synthetic images. This excellence in segmentation is
seen across the whole synthetic test set, which achieved high
average metric values. However, when tested on clinical data,
the model did not perform well. Notably, some clinical im-
ages showed promising results, as exemplified by the second
test image. This contrast in performance could potentially be
attributed to the presence of a white ultrasonic head in the clin-
ical image, which provides a strong contrast between the liver
and the background. Nonetheless, these instances of remark-
able predictions remained isolated cases. Thus, the results sug-
gest a substantial domain gap between synthetic and clinical
data, posing a significant challenge for accurate segmentation.
This divergence becomes apparent upon visual comparison be-
tween the synthetic and clinical data. Despite the synthetic im-
ages having a similar appearance to the clinical images, key
differences can be detected in liver color, surgical tool shape
as well as the absence of incisions in the synthetic dataset.
A possible solution to this domain gap problem is the use of a
pre-training approach, as conducted in Exp. 3a. The perfor-
mance of a model pre-trained with synthetic data and fine-
tuned with clinical data was compared to models trained solely
with clinical data. Interestingly, the reflections on the liver sur-
face were accurately classified, an accomplishment possibly
attributable to the U-Net’s exposure to a greater number of
examples featuring reflections during the pre-training phase.
However, accurately classifying the incisions on the liver re-
mained an issue. Despite these challenges, a substantial im-
provement was observed in the average value compared to the
results of Exp. 1a.
In the 5-fold cross-validation experiment, the model’s perfor-
mance was assessed using test images from various patient
videos. Notable variations in 𝐹1 scores were observed across
different test patients. While some images achieved high ac-
curacy with scores close to one, others exhibited lower scores
due to challenges such as shadows and irregular surgical tools
(e.g., patient 2 and 5). Interestingly, simpler layouts and clear
liver-background distinctions facilitated more accurate seg-

mentation (e.g., patients 1 and 3). Despite improvements, chal-
lenges persisted, particularly in distinguishing darker areas
and incisions. The variation in the results of the 5 models em-
phasizes the test results’ sensitivity to the choice of the test
set. Consequently, averaging the test results with k-fold cross
validation is a crucial step in order to get a more representative
test result for the given dataset.

5 Conclusion

This study showed the effect of pre-training with synthetic
data and data augmentation on the liver segmentation in la-
paroscopic images. The presented results emphasize the need
for realistic augmentation strategies. While data augmentation
can increase performance, it can also inadvertently decrease it
if applied indiscriminately. Additionally, the research showed
a clear improvement when applying pre-training on synthetic
data in conjunction with fine-tuning on clinical data. Future
work involves extending anatomical structure recognition be-
yond the liver.
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