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Automating surgical suturing requires reliable computer vision systems, yet annotated real surgical datasets
remain scarce, costly, and difficult to obtain. To address this challenge, we introduce a data-centric pipeline that
combines synthetic data generation, generative realism boosting, and model-guided filtering to improve sim-to-
real transfer without relying on real annotated surgical footage. Synthetic images were created in Unity with both
type-based and part-based instruments annotations, then enhanced using CycleGAN-TURBO for unpaired image-
to-image translation and Real-ESRGAN for high-resolution restoration. A YOLO-based selector model, trained on
synthetic images, assessed the quality of generatively enhanced data through Dice similarity scoring, discarding
samples with distortions or misalignments. In the part-based configuration, on a real test set, the baseline model
trained solely on synthetic images achieved a Dice score of 0.17, while combining synthetic with unfiltered
enhanced data reached 0.24. Filtering proved decisive: accepted enhanced images combined with a synthetic
(hybrid curated dataset) further boosted scores to 0.44. Fine-tuning strategies yielded only marginal gains,
confirming that improvements were driven primarily by data quality rather than training variations. In the type-
based setup, the hybrid curated dataset achieved a mean Dice score of 0.65, a substantial improvement over
previous fully synthetic baselines (0.384) without requiring real training annotations. These results demonstrate
that curation of generative outputs is critical for sim-to-real transfer in surgical vision. By uniting synthetic
generation, generative realism, and automated filtering, this pipeline enables scalable, low-cost dataset creation,
providing resources on GitHub and a reproducible foundation for developing reliable perception systems and
advancing autonomy in surgical robotics.

1. Introduction

Automation in robotic-assisted surgery promises transformative
benefits: enhanced precision, reduced operative times, and lower sur-
geon fatigue (Troccaz et al., 2019). Among the most critical and
time-consuming tasks is suturing, a key part of minimally invasive
procedures where even small ergonomic or cognitive challenges can
compromise outcomes (Ostrander et al., 2024; Caballero et al., 2025).
For this reason, automating suturing is widely regarded as a pathway to
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standardizing results and alleviating the burden on surgeons (Attanasio
et al., 2021; Dagnino and Kundrat, 2024).

Central to this endeavor lies the challenge of surgical tool segmen-
tation, a prerequisite for reliable instrument tracking, motion analysis,
and ultimately surgical autonomy (Colleoni et al., 2020). Yet, building
such vision systems requires large, well-annotated datasets, resources
that are costly, time-consuming to obtain, and heavily dependent on
expert annotators (Man and Chahl, 2022; Ahmed et al., 2024).

The difficulty of surgical data acquisition and annotation has become
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one of the major bottlenecks in Surgical Data Science (Rivoir et al.,
2024; Majeed and Hwang, 2025). A single minimally invasive surgery
video can span tens of thousands of frames, each requiring anonym-
ization and expert labeling. This process not only draws away valuable
surgeon time but also raises privacy and ethical challenges tied to pa-
tient data (Majeed and Hwang, 2025). As a result, most existing datasets
remain small, imbalanced, and insufficiently diverse, limiting the
generalizability of deep learning models across procedures and envi-
ronments (Ahmed et al., 2024).

Synthetic data generation has emerged as a compelling solution to
these challenges (Cao et al., 2025; Majeed and Hwang, 2025). By
simulating surgical environments, researchers can create vast, diverse,
and fully annotated datasets at a fraction of the cost and without privacy
concerns (Rodrigues et al., 2022). In our previous work (Leoncini et al.,
2025), we proposed a reproducible framework for generating synthetic
surgical data and demonstrated how hybrid training, combining syn-
thetic and a small fraction of real data, could significantly improve
real-world model performance. However, this approach still relies on
real data and synthetic datasets alone face the persistent limitation of
the sim-to-real gap: models trained exclusively on simulated images
often fail to generalize to the visual complexity of real environments
(Hinterstoisser et al., 2019; Rivoir et al., 2024; Leoncini et al., 2025).

Recent advances in generative Al, including GANs, diffusion models,
and hybrid approaches, promise to narrow this gap by enhancing the
realism of synthetic data (Rivoir et al., 2024; Wang et al., 2025). Among
these, CycleGAN-TURBO, a one-step image-to-image diffusion trans-
lation model adapted through adversarial learning, offers efficient,
content-preserving translation even in unpaired settings (Parmar et al.,
2024). While capable of generating visually compelling outputs, such
models may also hallucinate artifacts or produce redundant images,
which, if used uncritically, can introduce noise and reduce model
generalization. This underlines a central lesson from data-centric Al:
improving the quality of training data is often more beneficial than
simply increasing its quantity (Bhatt et al., 2024; Joshi et al., 2024; Zhou
et al., 2024). Several strategies have been explored to enhance dataset
quality within the broader domain of data-centric Al, yet they face
specific challenges when applied to generative sim-to-real pipelines.
Data cleaning focuses primarily on detecting and filtering label noise or
outliers (Coté et al., 2024), but it is generally incapable of identifying
when a generative model has hallucinated structural changes in an
otherwise correctly labeled image. Data pruning aims for training effi-
ciency by removing redundant or duplicate samples (Yang et al., 2022;
Yang et al., 2024); however, because these methods prioritize diversity,
they may inadvertently retain unique but geometrically distorted images
that degrade segmentation accuracy. Similarly, data reduction focuses
on finding a minimal representative coreset (Perera-Lago et al., 2024;
Chen and Zhou, 2025), assuming the underlying data is valid rather than
verifying its structural integrity. In the context of automatic curation
pipelines, existing methods often rely on feature clustering or entropy
measures to select informative samples (Vo et al., 2024). These ap-
proaches are frequently blind to pixel-level geometric alignment; they
can determine if a generated image looks like a surgical tool but cannot
verify if that tool precisely matches the synthetic ground truth mask.
Alternative strategies have attempted to enforce structural integrity by
integrating semantic-geometric consistency losses directly into the
model architecture or the training loop (Huang et al., 2025). While
effective, these methods increase training complexity and may still
struggle with the high-frequency distortions common in unpaired
image-to-image translation. Our work introduces a distinct, simpler
strategy: a post-generative, model-guided filtering mechanism based on
the Dice Similarity Coefficient (DSC) computed during inference. Unlike
pruning or reduction methods focused on dataset compactness or
training-time constraints that modify the learning objective, our
approach acts as an autonomous quality gate. It specifically targets the
removal of noisy synthetic-to-real translations where geometric fidelity
has been lost, ensuring that only the most reliable generative samples
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are used to bridge the sim-to-real gap.

This emphasis on quality over quantity reflects a broader paradigm
shift in machine learning. Traditionally, research followed a model-
centric approach, where performance improvements came from
designing new architectures or tuning hyperparameters, with little
attention to the underlying data. By contrast, the data-centric approach
emphasizes preparing higher-quality datasets and has been shown to
outperform purely model-focused strategies (Bhatt et al., 2024). Our
work contributes to this vision by providing a practical, domain-specific
pipeline for surgical data curation, generalizable to other domains.

While our earlier framework (Leoncini et al., 2025) established the
generation of synthetic datasets for robotic suturing, this work advances
to an autonomous, end-to-end, data-centric sim-to-real pipeline. Rather
than scaling data volume, we target a key limitation of generative
transfer, preserving semantic-geometric consistency, so that surgical
vision models can be trained with substantially reduced reliance on real,
privacy-sensitive, and labor-intensive clinical data. Moreover, this work
introduces a finer-grained, part-based instrument representation for
higher surgical precision.

The core contributions and implications of this work are summarized
as follows:

1. Reduction of real-annotated data dependency: by combining simu-
lated environments with a self-correcting generative pipeline, we
demonstrate a pathway to train high-performance models that
minimize or eliminate the reliance on scarce, privacy-sensitive real-
world surgical images. This strategy is inherently generalizable,
providing a blueprint for any domain where real-world annotations
are hard to obtain.

2. Autonomous self-curation: our model-guided filtering serves as a
post-generative quality gate, replacing labor-intensive manual data
auditing with an automated mechanism. This moves the field toward
fully autonomous perception pipelines that can evaluate their own
training data for geometric and quality reliability.

3. Computational efficiency: the filtering mechanism ensures that
training resources are not wasted on noisy or distorted samples,
leading to more efficient model convergence and stronger general-
ization by prioritizing high-fidelity data over sheer volume.

Unlike the previous framework, which relied on raw synthetic data,
this pipeline acts as a realism booster and an autonomous quality gate,
automatically discarding hallucinated or noisy generative outputs that
would otherwise degrade model generalization. The results confirm that
careful data curation leads to consistent improvements over unfiltered
approaches. More importantly, the pipeline offers an extensible and
open foundation for surgical vision research. This contribution repre-
sents the next logical step: moving from synthetic data generation to-
ward autonomous data curation, a shift essential for advancing
autonomy in surgical robotics (Cao et al., 2025). To ensure reproduc-
ibility and support the research community, we extend our previously
released open-source repository’ by sharing new Unity-based virtual
scenarios for synthetic data generation, the enhanced images, and an-
notations produced in this study. By consolidating both works into a
single resource, we provide datasets, the tools, and code necessary for
others to replicate, adapt, and build upon this framework.

2. Materials and methods
2.1. Data generation
2.1.1. Synthetic data generation: unity

Synthetic surgical datasets were generated using the Unity3D engine

1 https://github.com/PietroLeoncini/Surgical-Synthetic-Data-Generation-an
d-Segmentation
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(Unity Technologies, version 2022.3.24f1) and the Perception Package
(version 1.0.0-preview.1) for automatic annotation. This process builds
upon the framework presented in our previous work (Leoncini et al.,
2025), where three distinct simulation scenarios were originally
employed. In the present study, we refined the workflow by consoli-
dating the simulation into a single, more versatile virtual environment.
This environment was enriched with other randomizers to increase
intra-scenario variability, including variations in camera position and
orientation, lighting conditions, and randomized tool poses and
orientations.

To enable finer-grained visual understanding, all surgical tool
models were also reconfigured into part-based (PB) representations,
where each instrument (e.g., Cadiere Forceps, Needle Driver) was
decomposed into functionally distinct segments (e.g., Tool-Shaft, Tool-
Wrist, and Tool-Clasper) as shown in Fig. 1. This configuration provides
more precise instance segmentation and allows the vision system to
identify tool sub-components that are critical for tasks such as suturing.
In parallel, a type-based (TB) dataset was also generated to compare the
results with the previous work.

Both type-based and part-based annotations were produced auto-
matically using the Perception toolkit’s ground-truth labeling. A total of
5000 high-definition synthetic images (1920 x1080) were generated in
this stage, with instance segmentation masks covering all relevant sur-
gical objects, including instruments, tissue, needle, and thread.

2.1.2. Real data acquisition and labeling

To provide external test sets for evaluating generalization, two small
real datasets of 40 images each were constructed. These images were
extracted from 2 slightly different videos acquired using the da Vinci
robotic surgical system’s endoscopic camera. Frames were sampled at
approximately 1.3-second intervals to ensure temporal independence
and representative coverage of the surgical scene.

The selected frames (resolution 1920 x1080) depicted a represen-
tative suturing setup: a porcine colon with a 3 cm horizontal cut placed
centrally, flanked by a Needle Driver and a Cadiere Forceps, with a
surgical needle positioned within the operative field. Manual annota-
tions were created using the Roboflow platform (Dwyer et al., 2024).
Each frame was labeled with segmentation masks for all instruments,
tissue, needle, and thread, both in type-based and part-based formats
(Fig. 2). These datasets serve exclusively as evaluation sets and were not
included in the training pipeline.

2.2. Image-to-image translation and super-resolution

The synthetic datasets were enhanced through a two-step pipeline
combining image-to-image translation and super-resolution upscaling.

2.2.1. Generative translation with CycleGAN-TURBO

To reduce the visual gap between simulated and real surgical images,
we applied CycleGAN-TURBO (Parmar et al., 2024), a one-step diffusion
model adapted with adversarial training. A key feature of this model is
its unpaired training strategy, which enables translation between do-
mains without requiring one-to-one correspondence between synthetic
and real images. This property is particularly valuable in surgical
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contexts, as it removes the constraint of creating synthetic images that
exactly replicate real ones and instead allows broader exploration of
variability during simulation.

Equally important, CycleGAN-TURBO is designed to preserve the
input structure of the original image while transferring realistic textures
and color distributions. For this study, this structural fidelity was
essential because annotations generated in Unity rely on precise spatial
correspondence. Distortion or misalignment introduced by the genera-
tive model would render those annotations unusable. TURBO’s ability to
maintain spatial geometry while enhancing realism, therefore ensured
that the automatically generated segmentation masks could still be
reliably exploited in the subsequent pipeline.

Due to computational constraints, images were first downscaled
from 1920 x 1080-320 x 184. This resolution was selected empirically,
as TURBO exhibited more stable and consistent translations at this scale
for our domain. The model was trained using unpaired sets of 5000
synthetic and real surgical images and then applied to the synthetic
dataset to produce 5000 generatively enhanced images. Fig. 3 shows a
comparison of the images in the three different domains.

2.2.2. Super resolution with real-ESRGAN

After generative enhancement, the TURBO outputs (320 x184) were
restored to full resolution using Real-ESRGAN (Wang et al., 2021). To
adapt the model to surgical imagery, it was trained with synthetic image
pairs consisting of high-resolution frames (1920 x1080) and their
downscaled counterparts.

The upscaling was performed in stages. TURBO-enhanced images
were first upscaled to 640 x 368, then doubled again to 1280 x 736
using Real-ESRGAN, and finally resized with bicubic interpolation to
reach the native resolution of 1920 x 1080. This progressive strategy
reduced artifacts that typically arise from single large-scale upscaling
operations.

The outcome of this stage was a set of 5000 high-resolution, realism-
enhanced images, each aligned with the original Unity-automatically-
generated annotations. Despite the improvements, it is important to
note that both CycleGAN-TURBO and Real-ESRGAN occasionally
introduced artifacts, distortions, or subtle annotation misalignments,
motivating the need for a subsequent curation step.

2.3. Self-curation pipeline

To ensure only high-quality enhanced images are included in model
training, we designed a model-guided self-curation pipeline. This pipe-
line integrates a closed-loop filtering mechanism in which a YOLO-based
“selector model” evaluates the quality of enhanced images and auto-
matically rejects samples likely to degrade model performance.

2.3.1. Selector model

The selector model is a YOLOv11-segmentation network (Glenn and
Jing, 2024) trained exclusively on 1000 synthetic images. Its role is not
task deployment but rather quality assessment: by running inference on
enhanced images, it provides segmentation predictions that can be
compared against the known ground-truth masks generated in Unity.

T. Wrist

T. Clasper

C. Forceps Needle N. Driver

T. Shaft

Fig. 1. Example of type-based (a) and part-based (c) synthetic images generated in Unity and their corresponding instance segmentation masks (b, d). Type-based
classes: Cut, Tissue, Needle, Cadiere-Forceps, Needle-Driver, Thread. Part-based classes: Cut, Tissue, Needle, Tool-Shaft, Tool-Wrist, Tool-Clasper, Thread.
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Fig. 2. (a) Example of a real RGB image obtained by sampling a video taken from the Da Vinci endoscope. (b) Example of manual annotation for Type-based

configuration. (c) Example of manual annotation for Part-based configuration.

Fig. 3. (a) Synthetic RGB image generated in Unity and its corresponding TURBO-enhanced image (b). Real RGB image obtained by sampling a video taken from the

Da Vinci endoscope.

2.3.2. Dice-based quality assessment

Quality assessment of the enhanced images was carried out using the
Dice similarity coefficient (DSC), computed on a per-class basis (needle,
tissue, tool parts, etc.). The DSC is defined as:

2TP _2xPxR

Dice = =
T TP+ FP+FN PR

(€D

Where TP denotes true positives, FP false positives, FN false nega-
tives, P precision, and R recall. The coefficient ranges from 0 (no over-
lap) to 1 (perfect overlap) and quantifies how closely predicted
segmentation masks align with the ground-truth annotations.

This metric was chosen because it provides a direct measure of
spatial consistency, making it particularly suitable for detecting struc-
tural distortions or misalignments that generative models may intro-
duce. By comparing selector model predictions against the Unity-
generated annotations, Dice scoring allowed us to identify images in

Table 1
Model-guided data filtering pipeline.

which realism enhancements had degraded object boundaries, shifted
contours, or otherwise compromised the usability of annotations for
training.

2.3.3. Dice-based model-guided filtering

The filtering process is summarized in the pseudo-code and illus-
trated in the accompanying flowchart (Table 1), which together outline
the sequential evaluation of all 4000 enhanced images (1000 enhanced
images derived from their synthetic counterparts, used for the selector
model training, were kept outside the filtering process). Each image was
first processed by the selector model, which generated segmentation
predictions that were compared against the original Unity ground-truth
annotations. To address multi-instance cases, where multiple objects of
the same class were present in the same frame, an optimal matching
algorithm was applied to maximize the probability that each predicted
mask was paired with its correct ground-truth counterpart. This ensured
that Dice scores were computed object by object in the right way,

Algorithm 1 Flowchart
Input: Selector Model (SM), 4000 Enhanced Images (E), Classes SM Ei
threshold (th), Synthetic Ground Truth Masks (SGTM)
Output: Curated (Dcur) and Hybrid Datasets (Days) l
for each image / in E: P SGTM
Predicted Mask (PM) < SM.predict(l)
SGTM; « Synthetic Annotations of |
if present Multi Instances of the same class Multi Class ves 7 Optimal
Matched Pairs (P) < OptimalMatching(PM, SGTM;) present - Matching
for each class ¢ in P: l""
Dicec < Dice(Pe, SGTMic) DICES | |
if Dicec > the for all classes ¢ in I: l
Deur < Deur U {I } -
DICESi>th y—> Accept(i)
Dy < Deur U original synthetic dataset 1
T CURATED
Return Diyb , Deur 1 DATASET

Reject(i)
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avoiding mismatches that could otherwise underestimate the true seg-
mentation quality. Once scores were assigned, images were retained
only if every predicted Dice-class present in the frame exceeded its class-
specific threshold, with values empirically determined through quali-
tative and quantitative inspection. This strict criterion acted as a gate-
keeping mechanism: only structurally reliable, high-quality images were
accepted, while those containing distortions, boundary shifts, or anno-
tation misalignments introduced during generative enhancement were
discarded.

2.3.4. Datasets construction

For this study, the focus was placed on the part-based configuration,
as it provides the finer level of detail required for advancing surgical
autonomy. The type-based setup was included only as a benchmark:
rather than exploring multiple dataset variants, we trained it exclusively
on the best-performing dataset configuration identified in the part-based
experiments. This allowed us to directly compare the new model’s
performance with our earlier work, which was conducted solely in the
type-based format.

Following the filtering stage, multiple dataset configurations were
constructed to train different models and systematically evaluate the
effect of different data sources on them. The first configuration consisted
of the original 1000 purely synthetic images, serving as a stable baseline
for all comparisons. To test whether the sheer volume of generative
outputs could improve training, a second dataset combined the 1000
synthetic images with the entire pool of 4000 enhanced samples. The
core of our approach was the curated configuration, where only the
enhanced images that passed Dice-based filtering thresholds were
retained. This produced two additional datasets: one composed exclu-
sively of the filtered subset and another hybrid dataset combining these
curated enhanced images with the 1000 synthetic baseline. These two
sets were considered the most representative of our data-centric phi-
losophy, balancing realism with structural fidelity.

To further investigate transfer strategies, the baseline YOLO-filter
model trained on 1000 synthetic images was fine-tuned on the curated
enhanced dataset in two modes: (1) offline fine-tuning on the entire
curated set at once and (2) online iterative fine-tuning, where the model
was progressively updated as new batches of 200 filtered images were
accepted. All configurations are summarized in Table 2, which recaps
the datasets used for training and the corresponding YOLO model
variants.

2.4. Pipeline summary

The proposed end-to-end pipeline is structured into four functional
stages, as illustrated in Fig. 4:

1. Scene preparation (Blue): the process begins with the 3D design of
surgical instruments and their integration into a Unity-based simu-
lated environment. This virtual scene replicates porcine suturing
procedures, incorporating extensive domain randomization,
including variable lighting, camera angles, and textures, to maximize
data diversity.

2. Synthetic generation (Green): automated scripts in Unity generate
high-fidelity synthetic images and their corresponding pixel-perfect

Table 2
Training-data part based configuration (S: synthetic, T-E: Turbo Enhanced, T:
Training, FT: Fine-Tuning).

#8S # T-E Filtered # T-E Mode
Model 1 1000 0 0 T
Model 2 1000 0 4000 T
Model 3 0 538 0 T
Model 4 1000 538 0 T
Model 5 1000 538 0 Online FT
Model 6 1000 538 0 Offline FT
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ground truth masks (type-based and part-based), providing a scal-
able foundation for training without manual labeling.

3. Realism enhancement (Orange): a generative enhancement step
utilizes real and synthetic image pairs to fine-tune the CycleGAN-
TURBO model for unpaired image-to-image translation. This stage
outputs realism-enhanced images, which are then processed via
Real-ESRGAN for super-resolution restoration, while strictly main-
taining the original synthetic annotations.

4. Self-curation and training (Pink): the final stage implements the
YOLO-based self-curation mechanism (detailed in Table 1). This
quality gate filters out generative outputs that exhibit geometric
distortions or semantic misalignments. Only the resulting hybrid
dataset, consisting of curated enhanced images and raw synthetic
data, is used to train the final YOLO model for real-time inference on
surgical footage.

This closed-loop design transforms a large set of raw generative
samples into a compact, high-quality dataset, ensuring that downstream
training relies on quality-controlled data that preserves beneficial vari-
ability while mitigating generative noise.

2.5. Framework and tools

All experiments were implemented in PyTorch (version 2.4.0) with
GPU acceleration provided by CUDA (version 12.4).

The CycleGAN-TURBO and Real-ESRGAN were trained on a work-
station equipped with an RTX A6000 GPU. For segmentation, we
employed the YOLOv11-m architecture (version 11.0.0), selected for its
balance between inference speed and accuracy, properties that are
essential for real-time deployment in surgical contexts (Hai-Binh et al.,
2023; Pan et al., 2024; Leoncini et al., 2025).

While the pipeline integrates multiple heavyweight architectures, a
key distinction must be made regarding computational complexity: the
generative enhancement and model-guided filtering stages operate
strictly offline. This one-time computational cost, focused on autono-
mous curation, replaces the manual effort of human annotation and data
cleaning. Consequently, there is no complexity tradeoff during deploy-
ment; the system yields a highly optimized, curated training set that
results in a lightweight YOLOv11 model capable of real-time inference
on standard hardware.

Training and evaluation were carried out on an NVIDIA GeForce RTX
3070 Ti. The Unity environments, 3D models, and annotated datasets
used in this work are openly accessible through our GitHub'.

3. Results
3.1. Dataset filtering and acceptance rate

The CycleGAN-TURBO and Real-ESRGAN pipeline produced a total
of 4000 realism-enhanced surgical images at 1920 x 1080 resolution.
However, as shown in Fig. 5, not all enhanced images contributed
equally to model performance. Using the YOLO-based selector model,
guided by Dice similarity scores, 538 images met the predefined quality
thresholds across all classes and were retained in the part-based
configuration, corresponding to an acceptance rate of roughly 13.5%.
In the type-based configuration, where the task is simpler and less sen-
sitive to fine boundary errors, 641 images were accepted, corresponding
to an acceptance rate of approximately 16%. These results (Table 3)
emphasize both the variability of generative outputs and the critical role
of automated filtering in establishing a higher-quality dataset.

3.2. Models comparison on real test data
A series of models trained under different data configurations were

evaluated in the part-based setup, spanning purely synthetic, purely
enhanced, and curated datasets. The baseline YOLO-filter trained on
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Fig. 4. End-to-end pipeline from 3D model design and synthetic data generation in Unity to realism enhancement with CycleGAN-TURBO, super-resolution
restoration to 1920 x 1080, and filtering with a YOLO-based selector. The curated hybrid dataset (synthetic + filtered enhanced images) was then used to train

YOLO-final, shown here with an example of type-based predictions on real data.

o

Fig. 5. (a, b) Example of TURBO-enhanced images rejected by the filtering pipeline. (c, d) Example of TURBO-enhanced images accepted by the filtering pipeline and

added to the curated dataset.

Table 3
Results of the filtering pipeline.
# Tot # Accepted % Accepted Filtering
Images Images Images Time
Type- 4000 641 16% 10 min
Based
Part- 4000 538 13.5% 14 min
Based

1000 synthetic images (M1) achieved a Dice score of 0.17, while
combining synthetic with all enhanced images (M2) plateaued at 0.24.
Filtering provided the most consistent benefits: training on the 538
filtered images (M3) yielded a Dice score of 0.36, and combining the
filtered set with 1000 synthetic images (M4) reached 0.44. Fine-tuning
the baseline YOLO-filter model on the curated enhanced subsets (M5)
yielded only modest improvements (0.25), and iterative fine-tuning with
incremental batches of 200 accepted images (M6) did not further
enhance performance, plateauing after the first update. These findings
(Table 4) suggest that the improvements were primarily driven by the
quality of the curated data, while variations in training strategy had only
a minor impact.

For the type-based setup, we restricted the analysis to the best-
performing configuration identified in the part-based experiments,
namely the hybrid dataset combining 1000 synthetic images with the
curated enhanced subset. This choice was made to ensure comparability
with our previous type-based framework while avoiding redundant
configurations. In this case, the curated type-based model, trained on
1000 synthetic images and 641 filtered enhanced images, achieved a
mean Dice score of 0.65 on the real test set.

Table 4
Mean Dice on the real test set of different models (Mi) in Part-based
configuration.

Part-based M1 M2 M3 M4 M5 M6

Dices 0.17 0.24 0.36 0.44 0.25 0.27

To further validate the pipeline and demonstrate its architectural
independence, we extended the part-based evaluation on the real test set
to SegFormer and U-Net. For both models, training solely on synthetic
images established a baseline (SegFormer Dice: 0.47, U-Net Dice: 0.39).
Combining synthetic images with the full, unfiltered realism-enhanced
set showed modest improvements (SegFormer Dice: 0.51, U-Net:
0.46). Conversely, training on our curated hybrid set led to the highest
results for both models (SegFormer Dice: 0.67, U-Net Dice: 0.54), con-
firming that generative noise and hallucinations universally degrade
performance regardless of architecture. Full results for this analysis are
available in Supplementary Table 1.

3.3. Threshold sensitivity and quality-quantity trade off

To further investigate the balance between dataset size and quality,
we systematically lowered the Dice thresholds used in the filtering
process. In the part-based configuration (Table 6), reducing the
thresholds (th2) nearly doubled the acceptance rate, from 13,5% (538
images) to close to 25% (around 993 images). Despite this increase in
dataset size, performance declined sharply: the best-performing model
(M4), trained with 1000 synthetic images combined with the curated
enhanced subset, dropped from a Dice score of 0.44-0.35. The addi-
tional data introduced noise in the form of visually distorted or mis-
aligned samples, reducing the model’s ability to generalize to real test
images.

A similar trend was observed in the type-based configuration
(Table 5). Here, the initial acceptance rate was higher, with 1240 images
retained under the stricter threshold. Loosening the criteria raised the
acceptance rate above 31%, but performance again declined: the Dice
score of the hybrid model (M4 data configuration) decreased from 0.65

Table 5

Type-based threshold sensitivity and M4 mean Dice.
TB #Acc images %Acc images Dice
Thl 641 16% 0.65
Th2 1240 31% 0.53
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Table 6

Part-based threshold sensitivity and M4 mean dice.
PB #Acc images %Acc images Dice
Thl 538 13.5% 0.44
Th2 993 25% 0.35

to 0.53. Although the absolute values were higher than in the part-based
case, the relative drop in performance confirmed that enlarging the
dataset without controlling for quality consistently undermines
generalization.

Together, these findings demonstrate that stricter filtering yields
smaller but more reliable training sets, and that model improvements
are driven by the quality of generative data rather than its quantity.

4. Discussion

The central finding of this work is that data quality outweighs data
volume in surgical AL. Even when using modest subsets, carefully
curated enhanced images consistently outperformed larger, unfiltered
collections, underscoring that poorly controlled generative outputs can
actively harm sim-to-real transfer. By embedding a YOLO-based selector
model within the pipeline, we introduced a model-guided gatekeeper
that filters out low-quality generative samples, ensuring that only reli-
able images contribute to training. To the best of our knowledge, this use
of model inference results to automatically filter out geometrically dis-
torted generative noise is a novel approach in surgical imaging. This self-
curation strategy illustrates a practical and effective way of operation-
alizing the data-centric Al paradigm: rather than focusing on increas-
ingly complex architectures, meaningful performance gains arise from
systematically improving the training data itself. Anyway, to rigorously
validate the effectiveness of this novel curation strategy and demon-
strate that it is architecture-agnostic, we extended the study to include
SegFormer and U-Net. Both models mirrored the performance trends
observed with YOLO, peaking significantly when trained on the curated
hybrid set and confirming that data integrity is more critical than the
specific model choice. While SegFormer and U-Net achieved higher
absolute Dice scores (0.67 and 0.54 respectively), we focused on
YOLOv11-seg, which provides the optimal trade-off between the preci-
sion and the low-latency inference required for safe intraoperative ro-
botic assistance. Furthermore, we compared our approach against a
filtering strategy based on the MANIQA (Yang et al., 2022) metric,
which prioritizes perceptual image realism. Our results demonstrated
that images appearing realistic to a quality metric are insufficient for
training if they lack post-generative geometric accuracy, as our
inference-based filtering consistently led to superior downstream
models’ performance, as shown in the supplementary Table 2.

A key advance of this work lies in combining realism-enhancing
generative models with reliability-focused curation, representing a sig-
nificant technological leap over our previous work (Leoncini et al.,
2025). This pipeline transitions from simple data generation to an
autonomous, self-correcting system by integrating high-fidelity
enhancement with a novel curation layer. While CycleGAN-TURBO
and Real-ESRGAN enriched synthetic images with realistic textures
and high-resolution details, it was the subsequent filtering step that
determined whether these enhancements translated into performance
gains. Our results show that naive use of unfiltered generative outputs
can degrade model performance, a critical risk that should be (has not
been sufficiently) emphasized in (prior) sim-to-real approaches. In
contrast, the curated subsets consistently outperformed both purely
synthetic and unfiltered enhanced datasets, highlighting the value of
combining generation and curation into a single, self-correcting
pipeline.

The introduction of part-based annotations represents another
important contribution, offering a granularity leap over type-based
labelling. By decomposing instruments into functionally distinct
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components, such as Tool-Shaft, Tool-Wrist, and Tool-Clasper, the vision
system acquires a richer representation of surgical tools, which is
essential for enabling fine-grained tasks such as needle handling and
suture placement. This refinement marks a step forward from our pre-
vious work, where only type-based segmentation was considered.

Type-based models were also evaluated under the best-performing
configuration found in the part-based experiments. The curated type-
based model achieved a Dice score of 0.65, a substantial improvement
compared to the 0.384 Dice reported in our previous work for models
trained solely on synthetic images. While this still falls short of the 0.92
Dice obtained in the earlier hybrid setting, where synthetic data was
combined with real annotated images, a costly and resource-intensive
strategy, the present results are notable because no real images were
used for training. Moreover, this new type-based dataset included the
surgical thread, one of the most difficult classes to segment, alongside
the needle, further lowering the mean Dice compared to the earlier
study. Encouragingly, when analyzed at the class level, the TURBO-
enhanced pipeline achieved Dice scores of 0.71 and 0.77 for the two
instruments (Cadiere Forceps and Needle Driver), demonstrating that
generative enhancement combined with filtering can deliver strong re-
sults for critical objects without relying on real annotations.

Another central outcome is the value of hybrid datasets. Models
trained on a combination of synthetic and curated enhanced images
consistently outperformed those trained exclusively on either modality.
This suggests that hybrid approaches balance the structural fidelity and
diversity of synthetic data with the realism introduced by generative
enhancement, producing models with stronger generalization capabil-
ities. Importantly, this was achieved without incorporating real images
into training; real data was used solely for evaluation, demonstrating
that our pipeline can deliver measurable improvements in real-world
applicability while remaining fully independent of annotated surgical
footage (real data annotated only for evaluation).

While the results are promising, several limitations deserve atten-
tion. Although the Unity-based simulation was quite variable, it was
restricted to a single scenario, which constrained the variability of
tool-tissue interactions, lighting conditions, and surgical contexts
available for training. This constrained diversity in the input domain
likely influenced the behavior of CycleGAN-TURBO, which, although
content-preserving, tended to produce outputs that were realistic but not
highly diverse. In practice, TURBO was translating a narrow distribution
of inputs, which may explain why its outputs often lacked variability and
why the overall performance gains, though consistent, plateaued at a
modest level. This highlights the need for broader simulation diversity in
tandem with generative models capable of leveraging that variability to
achieve stronger generalization. In addition, thresholds for Dice-based
filtering were static and set empirically, and although already class-
specific, future work could explore adaptive calibration strategies to
optimize selection dynamically. Finally, relying solely on Dice as the
quality metric also presents limitations; future work should include
complementary measures such as perceptual similarity or uncertainty-
based indicators to enrich the filtering process.

5. Conclusion

This study underscores that progress in surgical computer vision
depends less on designing increasingly complex architectures and more
on systematically improving the quality of training data. By integrating
generative realism boosting with automated, model-guided filtering, we
demonstrated how synthetic data can be transformed into a reliable
resource for sim-to-real transfer. The pipeline also extends the field by
introducing part-based annotations, which elevate tool recognition from
coarse type-level identification to a more precise understanding of
functional components, essential for tasks such as Tool-Wrist and Tool-
Clasper. Beyond methodological refinements our framework enables
scalable, low-cost training of computer vision models without reliance
on real data annotations, supporting both cost savings and progress
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toward autonomy. These resources not only help overcome the scarcity
of task-specific datasets but also provide researchers with reproducible
and accessible tools to further explore this field. By consolidating Unity
environments, enhanced datasets, and filtering tools in our open-source
repository, we contribute a foundation upon which others can build,
adapt, and extend. Looking forward, we see this approach as a step to-
ward self-supervised model improvement and as a pathway to devel-
oping vision systems capable of supporting reliable, fine-grained
autonomy in surgical robotics.
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