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ABSTRACT

Synthetic data generation across domains can bridge gaps between visual training, skill devel-
opment, and personalized surgical planning, ultimately transforming how surgeons and artificial
intelligence (Al) systems prepare for the complexities of the operating room. In this Perspective, we
explore applications of synthetic data to advance surgical education and AT across three key areas:
visual data synthesis for training surgeons and Al systems, surgical simulation for skill development
and robotics, and digital twins for patient-specific surgical planning and guidance. These domains
have largely remained siloed, but their integration has potential to transform surgical training and
AT development across the entire surgical workflow. To fully realize this potential, synthetic data
must extend beyond routine surgical scenarios to anticipate atypical anatomy and intraoperative
complications—the high-stakes clinical scenarios where enhanced training and AT support are most

critical.
INTRODUCTION

Surgery faces inherent limitations in providing com-
prehensive exposure to the full spectrum of surgical sce-
narios, constraining both trainees’ education [1, 2] and
artificial intelligence (AI) system development [3]. Syn-
thetic data—algorithmically generated data that mim-
ics the statistical, physical, and mechanistic properties
of real-world data [4]—is vital to address this challenge
and enhance the development of proficient surgeons [1, 5]
and robust AI systems [4, 6]. Its transformative po-
tential in surgery is evident across three key domains:
visual data synthesis generates realistic surgical images
and videos for AT training and surgical education [7-13];
surgical simulations create 3D virtual environments for
safe and reproducible training of both human surgeons
and robotic systems [14-19]; and digital twins provide
patient-specific synthetic models for surgical planning
and real-time intraoperative guidance [20-22].

Over the last decade, applications in each domain have
progressed and expanded significantly. These domains,
however, have mostly remained independent, both in cur-
rent research that often focuses on specific downstream
applications and in existing reviews [22]. This creates two
significant issues: first, siloed approaches limit the syner-
gles that could otherwise emerge between these domains,
and second, they can perpetuate the perception that syn-
thetic data serves only singular purposes—e.g., for train-
ing Al models or for digital twins. In this Perspective,
we develop an integrated view of synthetic data for sur-
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gical applications. We highlight how a unified ecosystem
can transform surgery across the entire workflow, provid-
ing unprecedented opportunities for advancing surgical
training and developing Al and robotic systems to assist
surgeons.

This integrated approach surfaces current critical lim-
itations and future opportunities for the development of
surgical synthetic data. While synthetic data predomi-
nantly captures routine surgical scenarios, more complex
scenarios are largely unaddressed. These include time
critical operations due to bleeding or hemodynamic in-
stability, and technically complex cases involving aber-
rant anatomy, significant inflammation, or surgical planes
altered by scar tissue. These are the exact intraoper-
ative scenarios where surgical complications, including
misidentification of anatomy or injury to critical struc-
tures, are most likely to occur, making it imperative for
surgeons to develop skills to navigate these technical sit-
uations safely [2, 23, 24]. To date, the development of
robust computer vision models and robots for intraoper-
ative navigation and assistance during complex or time
critical operations has also been limited, but this repre-
sents an important area of development where surgeons
are most in need of support [25]. Synthetic data has the
potential to generate such challenging cases—as scenes
with massive bleeding [26, 27]—where real-world data is
scarce and could significantly enhance surgical training,
decision-making, and patient outcomes.

In this Perspective, we begin by presenting a few repre-
sentative applications of synthetic data in surgery and a
vue d’ensemble of these domains, highlighting their inter-
connectedness and impact across surgical care. We then
discuss each sub-domain in more detail, exploring cur-
rent approaches, their limitations, and their potential for
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addressing complex scenarios that surgeons encounter in
clinical practice. Finally, we examine how viewing these
domains as an integrated ecosystem reveals both shared
technical challenges and synergistic solutions, and how
the generation of complex and atypical clinical scenarios
is the current critical frontier that could unlock synthetic
data’s full potential.

I. CLINICAL APPLICATIONS OVERVIEW

We illustrate in Figure three applications of synthetic
data to surgery. First, synthetic data can be used for
visual data synthesis, i.e., to generate images and videos
of surgical scenes. In the example of Figure (A), we
show how diffusion models can generate synthetic sur-
gical images from segmentation maps (mapping the po-
sition of organs and tools), creating photorealistic and
automatically annotated scenes for laparoscopic proce-
dures [28]. These are used for training AT computer vi-
sion algorithms in intra-operative critical structure recog-
nition and delineation (semantic segmentation). Visual
data synthesis also encompasses the generation of surgi-
cal videos and of atypical scenarios (Figure I).

A second application of synthetic data is the creation
of surgical simulations. In the example shown in Fig-
ure (B), a trainee performs a simplified subpial tumor
resection using haptic-enabled instruments that provide
realistic tactile feedback. The simulation allows precise
tissue manipulation with assessment of surgical perfor-
mance [29]. These virtual environments enable surgi-
cal trainees to practice procedures repeatedly in risk-free
situations, allowing for skill acquisition without patient
safety concerns. These platforms can also be used for
robot training and surgical tool validation (Figure I).

The third application of synthetic data is through dig-
ital twins, which are patient-specific synthetic models
that replicate individual patient anatomy and physiol-
ogy. In the example of Figure (C), we illustrate how
3D clinical imaging is transformed into patient-specific
computational models with heterogeneous bone proper-
ties, enabling simulation of multiple surgical scenarios
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to optimize treatment planning and predict healing out-
comes [30]. This predictive modeling allows clinicians to
assess different treatment approaches and customize sur-
gical strategies based on individual patient anatomy and
bone quality. Digital twins also support intra-operative
guidance and post-operative care (Figure I).

As shown in Figure I, these domains should not be
excessively compartmentalized, as the technical foun-
dations underlying each one create natural synergies
that amplify their collective impact. For example, ad-
vances in semantic segmentation algorithms through Vi-
sual Data Synthesis directly enhance Digital Twins’ abil-
ity to create accurate patient-specific anatomical models,
while Surgical Simulations’ physics engines inform Visual
Data Synthesis about realistic tissue deformation and in-
strument interaction patterns through realistic rendering
techniques. Similarly, both Surgical Simulations and Dig-
ital Twins converge on the need for excellent soft tissue
physics.

Moreover, as illustrated in Figure I, beyond these tech-
nical synergies, there exist clinical synergies, as synthetic
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data is creating a transformation across the entire surgi-
cal workflow, from training to post-operative care. For
instance, synthetic data can be used to train more robust
AT systems—AI systems that will be used during the
intra-operative phase for detecting critical anatomical
structures and updating the digital twin. Similarly, there
exists potential for powerful continuous feedback loops
where intra-operative data from surgeries—including fail-
ure and complex cases—can inform better synthetic data
generation and more comprehensive training in virtual
environments. The result is an emerging ecosystem
where synthetic data becomes fundamental to precise and
robust surgical practice.

II. CURRENT APPROACHES ACROSS
SURGICAL DOMAINS

A. Visual Data Synthesis

Semantic scene understanding, meaning the detec-
tion and delineation of anatomical structures and instru-
ments, is a key application area for synthetic data. By
generating large amounts of annotated surgical scenes,
synthetic data eliminates the manual annotation burden
while providing ready-to-use datasets that improve Al
model precision. Two primary approaches have emerged.
The first approach starts with 3D CT scans of anatomical
structures (e.g. gallbladder, liver, pancreas) and recon-
structs surgical environments by manually adding virtual
meshes representing connective tissues. These scenes are
then transformed into photorealistic surgical views using
Generative Adversarial Networks (GANs) [7, 8] or diffu-
sion models [9] that retexture the image based on real
surgical footage. The second approach, shown in Fig-
ure (A), directly leverages diffusion models to generate
photorealistic surgical scenes, guided by simple seman-

tic masks that specify where anatomical structures and
instruments should appear [11, 31, 32].

The addition of synthetic data to real datasets has been
reported to improve segmentation accuracy by 4-16% in
laparoscopic tasks [7, 9, 32, 33]. In a task-specific in-
stance segmentation study on robotic suturing scenes,
Leoncini et al. report that models trained on synthetic
data alone achieved a Dice score of 0.122 on real images,
whereas combining synthetic data with a limited num-
ber of real images achieved a Dice of 0.920 [34]. These
results suggest that while synthetic augmentation can
be beneficial, synthetic data alone remains insufficient
if it does not adequately capture real-world variability.
When diffusion-based methods simply replicate existing
data, they may offer limited benefit to segmentation ac-
curacy [11, 28]. Effective synthetic data generation there-
fore requires introducing meaningful surgical scene diver-
sity rather than reproducing the statistical distribution of
the training data. The most successful approaches em-
ploy structured variation—whether through systematic
randomization of camera angles and tool positions as in
Pfeiffer et al. [7] or compositional approaches that create
statistically different scenes as in Venkatesh et al. [32].

These current methods demonstrate that visual data
synthesis is rapidly becoming an effective tool for train-
ing more accurate surgical Al algorithms in semantic
understanding.  Key opportunities for advancement
include studying how to systematically engineer the
crucial diversity (through organ shape and texture,
lighting, blood, etc.) needed to improve performance.
Additionally, generating complex anatomical scenarios
and edge cases represents an underexplored area that
could significantly benefit robust surgical Al training.

Surgical video generation has shown great promise
and increased realism. Recent studies demonstrate re-
alistic video sequences representing distinct phases and
actions in procedures such as laparoscopic cholecystec-



tomy [10, 12, 13], endoscopy [35, 36], and robot-assisted
radical prostatectomy [37]. A primary goal is surgical ed-
ucation, enabling trainees to create tailored video clips.

These videos are typically generated using video dif-
fusion models trained on temporally annotated datasets,
with labels at the phase or action level, or even action
triplets—structured as ”instrument, verb, target” (e.g.,
"hook dissect cystic duct”) [12, 13]. Evaluation of the
video's realism is often both qualitative, through expert
surgeon review, and quantitative, through measuring the
statistical similarity between real and generated videos.
Recent studies show striking realism: expert surgeons
could not distinguish synthetic from real clips in one-
third of cases when generated from action triplets [12],
with complete indistinguishability achieved when models
use real surgical frames as starting points [36].

Video generation of surgical action and phase is
rapidly evolving driven by significant advances in gener-
ative video models. Current challenges remain largely
technical, such as extending video length, improving
temporal and semantic consistency, and accurately
simulating complex behaviors like multilayer dissection,
though clinical validation also remains limited. Notably,
video generation models produce less variation than real
surgical footage, capturing dominant features at the cost
of natural variability [10], hinting that a similar problem
as in image generation lies here.

Atypical scenario synthesis, the generation of com-
plex anatomical cases or adverse intra-operative condi-
tions, is an application where synthetic data will have
a critical clinical impact for both AI development and
surgical training.

A few notable works have begun to explore these
scenarios. Several studies focus on simulating intra-
operative bleeding. For example, Mohamadipanah et
al. [26] present a proof-of-concept in which image tex-
tures are modified using GANs to simulate massive bleed-
ing during minimally invasive lobectomy—demonstrating
that synthetic frames can realistically represent rare com-
plications. Similarly, Venkatesh et al. [37] use synthetic
video clips to significantly improve the prediction of sta-
ple line bleeding during prostatectomy. These works
show synthetic data can modify existing images or gen-
erate full bleeding sequences—both clinically significant
but underrepresented in datasets. Other approaches
address visibility challenges from intra-operative smoke
through ”desmoking” methods that reconstruct clear
views from obscured footage [38-40].

Beyond complications and visibility issues, generative
models can simulate imperfect surgical views. Nwoye et
al. [12] discuss that video diffusion models can be guided
to reproduce sub-optimal camera angles—an important
feature in surgical education, where training under diffi-
cult perspectives has been shown to reduce the learning
curve [41].

Together, these studies highlight a possible shift in
visual data synthesis: from generating generic scenes

at scale to synthesizing rare or challenging surgical
scenarios with high clinical relevance. Although still
underexplored, this direction is likely to become in-
creasingly important as generative models achieve finer
control and deeper surgical understanding.

B. Surgical Simulation

Robot control policy learning for surgery aims to
train robotic systems to perform actions ranging from
sub-tasks like grasping and suturing to complete au-
tonomous surgical procedures like clipping and cutting
the cystic artery [42, 43] or autonomously navigating
catheters and guidewires through vascular anatomy [44,
45]. The clinical motivation is multifaceted: reducing
surgeon fatigue, facilitating remote surgery in under-
served areas, and providing surgical capabilities where
expert surgeons are unavailable. While real-world robot
policy learning has shown success [42, 43], simulation
offers compelling advantages: unlimited repetition, re-
duced costs, and critically, access to rare or critical cases
absent from real training scenarios.

The main challenge of policy learning is transferring
a robot’s skills from simulation environments to the
real world. This is called sim-to-real transfer, and re-
quires simulations to be particularly faithful, both in
terms of tissue physics and visual realism. In laparo-
scopic surgery, multiple studies have successfully demon-
strated this transfer to physical dVRK systems [14—
17, 46, 47], but with limited success, as state-of-the-art
simulations achieve only 50% success rates for suture nee-
dle lift tasks [48]. Beyond laparoscopic robotics, sim-
to-real transfer has also been explored in endovascular
surgery. Open-source simulation platforms built on Mu-
JoCo [44] and SOFA [45, 49] enable reinforcement learn-
ing for autonomous catheter and guidewire navigation.
Simulation-trained controllers have transferred to physi-
cal phantom test benches for single-device tasks [45], and
domain randomization has further supported deployment
in real robotic systems [19]. However, measurable perfor-
mance degradation remains after transfer, highlighting
the persistent domain gap between simulation and real
vascular environments [45, 49].

To improve sim-to-real transfer across surgical do-
mains, more realistic and faster physics engines are be-
ing developed [18, 19, 48, 50, 51], evolving from oversim-
plified grasping rules to sophisticated soft tissue simu-
lation with neural-augmented physics [50, 52] or GPU-
accelerated physics [48]. Visual realism advances have
been more modest, with examples like SuFIA-BC inte-
grating CT-derived organ models to better prepare sys-
tems for clinical use [14].

Beyond improving sim-to-real transfer, current simu-
lations still focus on subtasks rather than full procedures
and operate under predictable, controlled conditions
rather than the dynamic variability surgeons encounter.



Addressing these technical challenges represents a
critical research priority, as simulation training holds
tremendous potential to train robotic systems at scale
on the adversarial and atypical cases that are essential
for robust real-world performance.

Surgical skill acquisition is another exciting appli-
cation of synthetic data, whereby surgeons can learn and
master new skills with enhanced safety, repeatability, and
reduced costs. Virtual simulation has already demon-
strated remarkable efficacy, reducing operation time by
half with successful skill transfer to real-world operation
for laparoscopic salpingectomy [53, 54], and leading to a
38% reduction in posterior capsule rupture rates among
trainees for cataract surgery [55]. Importantly, the bene-
fits of simulation training extend globally, producing sig-
nificant improvements in procedural understanding com-
pared to textbook-based learning in resource-limited set-
tings such as Rwanda [56].

The enthusiasm for virtual simulation extends beyond
clinical outcomes to learner acceptance. A study at Yale
University found that 91% of residents agreed that sim-
ulation training should be mandatory [57]. However,
trainees noted limitations in graphics realism and hap-
tic feedback, highlighting the importance of advancing
VR synthetic data technology to address these concerns.

In that regard, contemporary platforms showcase more
sophisticated haptic feedback capabilities that directly
address these realism limitations. FIVR and AMBF+
for skull-base surgery exemplify these advancements
through realistic drill vibrations that match actual sur-
gical instruments and integrated multi-modal feedback
systems [58, 59].

Despite these advances, two main challenges limit
current virtual simulation effectiveness. First, many
platforms focus on subtasks rather than comprehensive
procedural training. Second, as for robot policy learn-
ing, current platforms operate within predictable and
controlled conditions, highlighting an opportunity for
synergistic technical solutions that could benefit both
domains simultaneously.

Platform wvalidation of surgical tools, techniques,
and workflows through computer simulation has become
increasingly important in medical technology develop-
ment. These virtual testing environments enable exten-
sive experimentation and refinement without endanger-
ing patients, while identifying potential problems with
designs or procedures before they reach clinical settings.

The VTEST platform illustrates this by enabling de-
velopment and testing of NOTES (Natural Orifice Trans-
luminal Endoscopic Surgery), allowing surgeons to test
this new technique and associated instruments in con-
trolled, high-fidelity settings before moving to animal
studies [60, 61]. For device validation, AR systems like
LapAR™ enable rapid prototyping of new laparoscopic
devices [62], while Cartucho et al. used simulation to
validate a precise tracking system for laparoscopic instru-

ments, testing performance across different conditions
before confirming sub-millimeter tracking precision in ex
vivo experiments [63].

Regulatory agencies increasingly recognize these
methods’ value, with computer-based trials gaining
acceptance as supplements to conventional preclinical
testing [64]. However, most simulation-based validations
have yet to achieve full clinical implementation, and
systematic comparisons with real-world outcomes remain
limited. As these platforms advance in fidelity, they
may Iincreasingly function as legitimate frameworks
supporting regulatory approval and clinical adoption.

C. Digital twin

Patient specific surgical planning represents a
paradigm shift toward personalized medicine in surgery.
In their simplest form, digital twins for surgical plan-
ning provide anatomical visualization. For example, in
partial nephrectomies, detailed 3D models of the kidney,
tumor, and vasculature enable surgeons to determine op-
timal cutting planes [21]. More advanced applications
rely heavily on synthetic data through physical simula-
tion, creating virtual scenarios and predictive outcomes
that extend beyond medical images [22].

One key such application involves testing surgical ap-
proaches through simulations, enabling surgeons to com-
pare different techniques and predict their outcomes in
individual patients. Beyond the tibial plateau fracture
example discussed in Figure (C), where different scenar-
ios of tibial reconstruction can be tested [30], this ap-
proach extends across specialties: digital twins simulate
fracture risks in cancer patients during vertebroplasty
procedures [65], in endovascular surgery, simulation envi-
ronments have been evaluated against physical phantoms
for catheter shape and force sensing as well as tool-tissue
interaction modeling [66], while cardiovascular surgery
employs biomechanical models to simulate transcatheter
aortic valve replacement, exploring different prostheses
and implant depths [67].

Beyond simulation, digital twins can predict compli-
cations. CardioVision, for example, reconstructs three-
dimensional models of the aortic root from CT imaging
data to analyze aortic stenosis patients. By analyzing
their calcification metrics, the system enables clinicians
to predict adverse events and select optimal surgical ap-
proaches [68].

While digital twins for planning show significant
promise, several challenges must be addressed for
widespread clinical translation beyond anatomical
visualization. Patient-specific parameter identifica-
tion represents a fundamental hurdle, as individual
variations in tissue properties are difficult to quantify
non-invasively. Simply incorporating broad parameter
ranges may address this variability, but reduce the
model’s precision and risk overlooking the precise
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patient-specific characteristics that define complex cases.

Real-time surgical scene reconstruction and
guidance during the intra-operative phase requires dig-
ital twins that continuously synchronize with rapidly
changing surgical conditions. Unlike preoperative plan-
ning, which relies on offline digital twins constructed
once from patient data, intra-operative applications de-
mand online systems that update based on continuous
data streams from surgical sensors, endoscopic video, and
physiological monitors [69]. These systems must balance
model accuracy with computational speed while captur-
ing and predicting dynamic procedural conditions in real-
time.

A promising application of online digital twins is en-
abling surgeons to maintain accurate spatial awareness
as anatomy changes throughout procedures. Twin-S
demonstrates this approach in phantom studies by pro-
viding real-time guidance during skull base surgery [70].
The system uses high-precision optical tracking to gen-
erate live digital replicas of the surgical field and in real-
time the virtual patient anatomy model. Similar ap-
proaches enable holographic augmented reality guidance
for liver tumor puncture by continuously updating vir-
tual models to compensate for respiratory motion [71].

Beyond real-time tracking, the most sophisticated ap-
plications aim for predictive modeling and autonomous
assistance that could anticipate surgical complications
before they occur. Intelligent twins could dynamically
map optimal tissue-resection pathways using biomechan-
ical modeling to avoid inadvertent damage to critical
structures, while patient-specific hemodynamic models
simulate blood flow alterations to provide predictive
alerts for anticipated complications [22, 72]. These pre-
dictive capabilities are being integrated into surgical
robotics, where continuously updated digital twins en-
able autonomous assistance by adapting to changing con-

ditions and incorporating surgeon feedback [73], with
emerging systems supporting natural speech-based inter-
action for real-time surgical assistance [74].

Key clinical translation challenges for intra-operative
assistance stem from two primary issues: linking pre-
operative data to intra-operative scenes and limited
validation beyond controlled conditions. The first chal-
lenge involves registering pre-operative scans to real-time
surgical environments [20, 51]. While successful for rigid
structures like the skull, soft-tissue deformation remains
problematic due to unknown tissue-specific mechanical
properties and computational complexity of accurate
tissue physics modeling. The second challenge concerns
validation scope; current systems remain restricted
to phantom experiments or small animal models with
artificial tumors [70, 71]. The gap between controlled
experimental validation and the anatomical diversity,
pathological complexity, and procedural variability of
real clinical practice remains a key barrier to widespread
adoption.

Post-operative care represents a significant oppor-
tunity for digital twin technology to transform patient re-
covery through continuous monitoring and personalized
management.

Digital twins have been explored for tailored postoper-
ative care in orthopedic procedures, where biomechani-
cal modeling guides rehabilitation strategies [30], and for
forecasting complications like implant failure after inter-
ventions such as endovascular aneurysm repair [67, 75].
These systems can also generate patient-specific surgi-
cal documentation for proactive complication identifica-
tion [21]. Current challenges include ensuring robust
data integration from multiple monitoring devices and
developing algorithms that distinguish between normal
recovery variations and clinically significant complica-
tions.



III. INTEGRATED CHALLENGES AND
OPPORTUNITIES

Our exploration of synthetic data across surgical do-
mains, illustrated in Table I, reveals significant progress
alongside persistent challenges related to realism and di-
versity: (1) Visual Data Synthesis can now generate large
volumes of annotated data at low marginal cost, yet en-
suring meaningful and realistic diversity remains chal-
lenging [11, 37]; (ii) Surgical Simulation demonstrates in-
creasingly sophisticated tools for surgeon and robot train-
ing, yet limitations persist in training diversity and in re-
alism [48]; (iii) Digital Twins show significant clinical im-
pact in pre-operative planning, but online intra-operative
digital twins still face physics realism limitations, partic-
ularly for soft-tissue deformation where unknown tissue-
specific mechanical properties prevent accurate model-
ing and registration [20, 21, 51]. A related risk is that
simulation assumptions—such as idealized tissue physics
or uniform lighting—can introduce systematic distribu-
tional bias into models trained on synthetic data, causing
silent failures when these models encounter real operative
conditions that violate those assumptions [4, 48].

These challenges span a broad spectrum of clinical ma-
turity. At the most established end are patient-specific
3D anatomical models for pre-operative visualization and
planning, which are routinely used in clinical workflows
and supported by multiple FDA-cleared software plat-
forms across specialties [21]. Simulation-based training
is also clinically mature, with randomized trials demon-
strating improved operative performance and reduced
complications, including lower intraoperative and post-
operative complication rates in laparoscopic inguinal her-
nia repair [76]. More advanced predictive uses of sim-
ulation are emerging. In the multicenter PRECISE-
TAVI study, CT-derived simulations altered valve sizing
or implantation strategy in 35% of anatomically complex
cases, demonstrating prospective clinical influence [77].
By contrast, online intra-operative digital twins, visual
data synthesis, and robot policy learning remain largely
at the proof-of-concept or phantom stage, with sim-to-
real transfer typically validated on bench models rather
than live tissue. This spectrum—from clinically deployed
planning tools to early-stage intra-operative systems—
defines the translational path that surgical synthetic data
is working to follow.

Viewing synthetic data for surgery altogether high-
lights that these challenges are interconnected, and that
coordinated development across domains can yield mul-
tiplier effects—amplifying impact while minimizing re-
source investment. While most research efforts remain
siloed, a small number of works illustrate what cross-
domain integration can look like in practice. The AMBF
ecosystem illustrates how a single technical foundation
can support multiple clinical functions. At its core
is AMBF+, a virtual surgical simulator. Patient CT
scans are segmented and loaded into a VR environment
where surgeons can rehearse drilling on patient-specific

anatomy. Importantly, while the surgeon trains, the
system automatically generates structured data—such
as segmentation masks, depth maps, and stereo image
pairs—that can be used to develop computer vision al-
gorithms [59]. In other words, AMBF+ is primarily a
simulation and data-generation platform.

FIVRS builds directly on this simulator but focuses
on immersion and skill assessment. It integrates high-
fidelity hardware (head-mounted display, haptics, foot
pedals, eye tracking) to reproduce the operating room
workflow and record multimodal performance metrics.
While it retains data-generation capability, its primary
contribution is as a fully immersive training and evalua-
tion system [58].

In contrast, Twin-S is not a rehearsal simulator. It is a
digital twin that runs in parallel with real surgery. Using
optical tracking, it continuously updates a virtual model
of the operative field to reflect real drilling in real time,
achieving a mean spatial error of 1.39 mm in phantom ex-
periments [70]. Its goal is intra-operative guidance rather
than offline training.

Finally, AMBF-RL extends the same simulation back-
bone to robotic learning. Instead of training surgeons, it
trains control policies for robotic manipulators in simu-
lation before transferring them to physical systems [15].
Taken together, these components illustrate how cross-
domain integration can emerge from a shared computa-
tional substrate: patient imaging supports digital twin
construction; the digital twin enables simulation-based
rehearsal; the simulation generates multimodal synthetic
data; and these data support downstream computer vi-
sion development and skill assessment. Although each
component has been evaluated separately and the inte-
grated pipeline has not yet been validated in live patients,
it represents a concrete near-term target for translational
development.

Yu et al.’s platform (ORBIT-Surgical) provides a re-
lated example within the simulation domain, combining
robot policy learning with structured synthetic data gen-
eration in a shared environment [48]. While not spanning
the full digital twin—to—clinical workflow, it demonstrates
how integration within a single technical substrate can
simultaneously support training and data production.
This integrated viewpoint also highlights that break-
through advances in foundational technologies could un-
lock unprecedented progress across multiple domains.
Improved soft tissue physics modeling—a widely recog-
nized bottleneck for realistic simulation and accurate dig-
ital twin registration—represents a shared technical chal-
lenge where coordinated research investment could yield
transformative improvement to surgical preparation [18—
20, 48, 51]. Similarly, advances in real-time 3D scene
reconstruction and registration methods critical for digi-
tal twins directly support simulation environment fidelity
and visual data synthesis quality [20, 51]. From a clini-
cal perspective, such an integrated approach of synthetic
data into clinical workflow can fundamentally transform
surgical preparation, leading to an ecosystem where sur-



geons could rehearse patient-specific procedures on dig-
ital twins while simultaneously generating training data
for surgical education and Al-assisted decision support
systems.

This approach becomes even more relevant when ad-
dressing the challenge apparent throughout all domains:
generating complex, atypical, and complication scenar-
ios. Current approaches struggle with this limitation
in related ways—visual synthesis lacks diversity, simu-
lations operate under predictable conditions rather than
capturing procedural variability, and digital twins face
difficulties modeling tissue property variations in com-
plex cases. Integrated development could systematically
address these limitations: patient-specific digital twins
of anatomically complex cases could provide foundations
for realistic simulations of rare scenarios, while these sim-
ulations could generate the diverse visual training data
that current generative models struggle to create inde-
pendently. The result would be a comprehensive syn-
thetic data system that captures the full spectrum of
surgical workflow—from routine procedures to the chal-
lenging cases where enhanced preparation would have the
greatest clinical impact.

Finally, regulatory expectations differ substantially
across use cases. Training-only applications—whether
for surgeon education or for internal ATl model devel-
opment—generally face limited direct regulatory over-
sight. However, when Al systems are intended to sup-
port clinical decision-making or regulatory submissions,
FDA guidance emphasizes clear context-of-use definition,
transparency, lifecycle bias control, and ongoing perfor-
mance monitoring [4, 78]. Although this guidance is not
specific to synthetic data, these principles apply when-
ever synthetic data contribute to model development, val-
idation, or performance claims. Intraoperative decision-
support systems, by contrast, are regulated as medical
device software and are therefore subject to substantially
more stringent expectations regarding documentation,
validation, transparency, and post-deployment surveil-
lance [3, 78]. Established credibility frameworks exist
for physics-based computational modeling in device sub-
missions. However, these frameworks explicitly exclude
standalone statistical or AI/ML models [79]. At present,
no surgery-specific consensus standard defines what con-
stitutes sufficient synthetic-to-real validation evidence for
AT systems trained using simulation-derived data.

IV. CONCLUSION

Synthetic data has significant potential across surgery
through three key domains: Visual Data Synthesis, Sur-
gical Simulations, and Digital Twins. Individually, these
technologies show promise to enhance surgical training
and practice, but their siloed development limits the
technical and clinical synergies that could emerge from
their integration. Our analysis highlights that many
overlapping challenges remain across domains, and that

coordinated development will be necessary to advance
their clinical translation. This is particularly evident in
their shared limitation: the current difficulty of generat-
ing complex, atypical, and failure cases where enhanced
training and Al support are most critically needed.

Moving forward, progress will depend not simply on
scaling existing approaches within isolated domains, but
on extending these integrated approaches to systemat-
ically address rare complications, anatomical variants,
and equipment failures that are difficult to capture con-
sistently in real-world training. Reaching this frontier
will require targeted advances: in visual data synthe-
sis, methods for generating clinically relevant out-of-
distribution scenarios rather than replicating existing
data patterns; in surgical simulation, improved physics
models that can be calibrated and validated against phys-
ical substrates with known properties; and in digital
twins, non-invasive inference of patient-specific tissue pa-
rameters for reliable predictive planning. Across all three
domains, standardized benchmarks that explicitly eval-
uate performance on rare and complex cases will be im-
portant for advancing toward clinical translation [3]. By
aligning synthetic data development with clinical work-
flow and validation requirements, safe and scalable in-
tegration of these technologies into surgical practice be-
comes achievable.

Search Strategy and Study Selection

This Perspective is based on a targeted literature
search conducted across PubMed and Google Scholar to
identify studies at the intersection of synthetic data and
surgery, spanning visual data synthesis, surgical simula-
tion, and digital twins. Search queries combined domain-
specific terms—including ”synthetic data,” ”data aug-
mentation,” ”domain randomization,” ”domain adapta-
tion,” ”surgical simulation,” ”robotic surgery,” ”sim-to-
real,” and ”digital twin”. These searches were supple-
mented by forward and backward citation tracking of key
publications. Two authors independently screened titles
and abstracts for relevance; full texts were reviewed for
studies that demonstrated novel synthetic data genera-
tion methods, simulation frameworks, or digital twin ap-
plications with surgical relevance. Rather than aiming
for exhaustive systematic coverage, we selected represen-
tative studies that best illustrate the state of the art, cur-
rent limitations, and emerging opportunities within each
domain. Thematic synthesis was conducted collabora-
tively to ensure balanced coverage across all three areas.
Of the 79 cited works, 65 (82%) were published between
2020 and 2025, reflecting the field’s recent growth. As
this is a Perspective rather than a systematic review, the
selection prioritizes conceptual breadth and illustrative
depth over comprehensive enumeration.
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Figure Legends

Figure 1: Three Domains of Synthetic Data in
Surgery. Each domain addresses distinct clinical needs
through different synthetic data approaches. (A) Vi-
sual Data Synthesis generates synthetic annotated
surgical images for Al training and surgical education,
shown with diffusion models creating realistic surgical
scenes from segmentation maps for anatomical struc-
ture recognition (adapted from Zhou et al. [28]). (B)
Surgical Simulation creates virtual environments for
skills training, illustrated with a trainee performing vir-
tual tumor resection using haptic-enabled instruments
in a risk-free setting (adapted from Mirchi et al. [29]).
(C) Digital Twin transforms 3D X-ray clinical imag-
ing into patient-specific computational models with het-
erogeneous bone properties, enabling simulation of mul-
tiple surgical scenarios to optimize treatment planning
and predict healing outcomes (from Aubert et al. [30]).
Panel (A) adapted under CC BY 4.0 from Zhou et al. [28].
Panel (B) adapted under CC BY 4.0 from Mirchi et
al. [29]. Panel (C) adapted under CC BY 4.0 from Aubert
et al. [30]. Created in BioRender. Sakref, Y. (2025)
https://BioRender.com/0oybjlh.

Figure 2: The Three Interconnected Domains of
Synthetic Data in Surgery. Visual Data Synthesis is
the generation of annotated surgical images and videos
for Al system development and surgical education. Sur-
gical Simulation corresponds to virtual environments for
robot policy learning, surgeon skill acquisition, and plat-
form validation. Digital Twin involves patient-specific
models for personalized surgical planning, real-time guid-
ance, and post-operative care. The overlapping regions
highlight key technical synergies between the three do-
mains: realistic rendering between Visual Data Synthesis
and Surgical Simulation, anatomical segmentation shared
between Visual Data Synthesis and Digital Twin, and
soft tissue physics common to Surgical Simulation and
Digital Twin, with the ultimate convergence of the do-
mains toward synthetic environments enabling training,
support, and automation. Key takeaway: these three
domains share deep technical interdependencies, and the
most impactful advances will target their shared foun-
dations to drive convergence. Created in BioRender.
Sakref, Y. (2025) https://BioRender.com/0Ooybjlh

Figure 3: Synthetic Data Integration Across the
Surgical Workflow. Synthetic data is becoming inte-
gral to every phase of surgical care, from pre-operative
training and planning through intra-operative guidance
and post-operative care. Illustrated applications include
workflow analysis and semantic understanding (with di-
verse synthetic images and on-demand video genera-
tion), skill acquisition and robot control policy learn-
ing through virtual environments, patient-specific surgi-
cal planning with digital twins, intra-operative scene re-
construction and guidance, and post-operative care with

predictive analytics. The workflow also shows how op-
erations (normal as well as complex cases) can enhance
synthetic data generation leading to more comprehen-
sive training. Synthetic data applications are catego-
rized as follows: visual data synthesis in red, simula-
tion in green, and digital twin in blue. Key takeaway:
synthetic data is emerging across the surgical workflow
and enables bidirectional feedback between training, in-
traoperative deployment, and post-operative learning—
particularly through incorporation of complex and fail-
ure cases. Created in BioRender. Sakref, Y. (2025)
https://BioRender.com/0oybjlh.

Table 1: Synthetic Data Use Cases in Surgery by
Domain. Synthetic data applications in surgery catego-
rized by visual data synthesis (red), simulation (green),
and digital twin (blue) approaches. The listed stud-
ies are illustrative examples of representative research
efforts and reflect varying stages of technical and clin-
ical maturity within each subfield. Challenges high-
light current methodological limitations, particularly re-
garding diversity, complexity, and atypical case gen-
eration. - Created in BioRender. Sakref, Y. (2025)
https://BioRender.com/0oybjlh



