Learning Surgical Skills by Imitation: A Work-in-Progress XR Method
Using Expert Hand Trajectories
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(a) XR-based suturing practice setup

(b) Rigged hand in the Apple Vision Pro

Figure 1: Work-in-progress mixed reality system for cardiac suturing training. (a) A trainee wearing the Apple Vision Pro
practices suturing on a silicone phantom. (b) Headset view showing a rigged hand model driven by 21 tracked landmarks.

ABSTRACT

Critical cardiac suturing techniques are difficult to scale due to re-
liance on expert supervision and limited hands-on training. Without
timely feedback, trainees may develop suboptimal motor patterns
that compromise procedural quality. We present an Extended Re-
ality (XR) pipeline to capture and visualize expert hand motions
for autonomous training. Expert demonstrations are recorded via
RGB-D camera, and 3D hand landmarks are reconstructed through
pose estimation with depth integration. These trajectories are pro-
cessed offline and integrated into a Unity-based environment de-
ployed to the Apple Vision Pro (AVP). Preliminary results demon-
strate successful capture and replay of suturing trajectories using
a rigged hand model. Ongoing work includes system calibration,
ethics approval, and user studies to evaluate guidance clarity. This
work establishes the feasibility of AVP-based high-fidelity XR for
surgical tasks, laying the foundation for scalable, supervision-light
skill acquisition.
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1 INTRODUCTION

In cardiac surgery, numerous operative sub-steps, particularly pre-
cise suturing techniques, are critical to procedural success. The ac-
quisition of fine-motor skills typically requires guidance and feed-
back from experienced surgeons. Due to time constraints, staff
shortages, and high surgical workload, continuous individual train-
ing is only partially feasible, in particular with highly specific su-
turing techniques, as e.g. found in cardiac surgery. Without imme-
diate expert feedback, trainees may develop suboptimal techniques
that are difficult to correct later and could potentially compromise
patient safety. This creates a gap between the operative expertise
of experienced surgeons and the ability to convey these skills to
trainees in a precise, objective, and reproducible manner.

Immersive technologies such as XR offer a potential solution to
this training gap. They can provide risk-free practice of complex
surgical motions. In parallel, advances in Artificial Intelligence
(AI)-based video analysis are increasingly capable of automatically
capturing hand movements. Building on these advances, XR sys-
tems that model expert surgical hand motions as traceable paths
could support guided practice and evaluation in the future.

2 RELATED WORK

XR technologies, including Virtual Reality (VR), Augmented Real-
ity (AR), and Mixed Reality (MR), have been increasingly explored
for surgical training, enabling safe, repeatable practice and objec-
tive skill assessment [8]. XR devices support both technical (motor
dexterity) and non-technical (decision-making) skills [4].

Recent reviews show that these technologies can measurably im-
prove hand—eye coordination, spatial understanding, and operative
performance in surgical training [13]. Hand-tracking and skeleton-
based motion capture, using approaches such as MediaPipe, enable
monitoring of hand posture and surgical instrument movements [1].



However, most current XR systems provide only coarse cues, such
as tool-tip visualizations, and lack fine-grained hand-level guidance
required for complex surgical tasks. Trajectory-based skill assess-
ment is well established for evaluation [6], but it typically focuses
on instrument trajectories and is used only indirectly to assess mo-
tor skill acquisition.

High-end spatial computing platforms, such as the AVP [2],
which is a video-see-through (VST) XR device, provide high-
fidelity immersive experiences while maintaining real-world visual
perception [5]. Studies have explored the AVP for medical training
and visualization, reporting realistic 3D representations and mini-
mal user fatigue [5, 11, 12]. Javaheri et al. [9] conducted a con-
trolled evaluation of the AVP for surgical suturing, demonstrating
its feasibility and usability, though not as a training tool. Similarly,
Microsoft HoloLens has been widely used in medical applications
[7]; however, limitations remain in providing reusable expert mo-
tion trajectories and detailed hand-level guidance.

Opverall, these studies highlight a gap in XR-based surgical train-
ing, particularly in providing expert-modeled hand motions that
trainees can study and practice independently.

3 SYSTEM OVERVIEW
3.1 Data Acquisition

The preliminary experiment was conducted at (prepared for blind
review). Suturing demonstrations were performed by an experi-
enced cardiac surgeon to capture expert hand motions for subse-
quent training purposes.

(a) Recording with RGB-D camera  (b) Workspace with suture training phantom

Figure 2: The recording environment showing RGB-D camera
placement for expert hand capture and the workspace with the su-
turing phantom used to acquire hand motions.

Recordings were obtained using a single Orbbec Femto
Mega depth camera positioned to capture hand motions from a
frontal-oblique perspective (see Fig. 2a). The demonstrations were
carried out in a simulation setting using a silicone suturing pad, sur-
gical instruments, and clinical lighting. The recorded demonstra-
tions include two suturing techniques: simple interrupted sutures
(SIS), which involves basic hand motions, and continuous subcu-
ticular sutures (CSS), which require comparatively more complex
movements. Both techniques were performed using 3-0 polypropy-
lene and standard surgical instruments, including needle holder, for-
ceps, and suture scissors (see Fig. 2b). Recordings were performed
both with and without gloves and under varying surgical lighting
conditions to assess the robustness of hand tracking.

While Javaheri et al. [9] reported blurred vision and depth per-
ception challenges with the AVP, we similarly observed that depth
accuracy is highly sensitive to eye-to-object distance at close range;
consequently, the AVP was not used for the preliminary expert data
acquisition to ensure high-fidelity motion capture. In the context of
trainee imitation, close-range viewing may further exacerbate these
depth perception issues. To mitigate this effect in future iterations
of the system, we plan to incorporate a digital magnification step

within the XR application. This would allow trainees to inspect
fine hand motions while maintaining a sufficient eye-to-object dis-
tance, thereby promoting a more stable viewing position and reduc-
ing depth-related visual distortions.

3.2 Hand Pose Extraction and Depth Integration

Expert demonstrations are processed offline to generate smooth 3D
hand trajectories suitable for immersive training. Hand pose esti-
mation is performed using MediaPipe Hands [14], which detects
21 hand landmarks (finger joints + palm) from a single RGB frame
(see Fig. 3a), providing normalized 2D image coordinates (x, y) and
a relative depth value (z) for each joint, where depth is expressed
relative to the wrist landmark. The 2D pixel coordinates are clipped
to the image frame to prevent out-of-bound values. The underly-
ing training datasets include diverse lighting conditions and hand
appearances to mitigate tracking bias and improve generalization
across diverse skin tones.

(a) Hand landmarks detected using Medi-  (b) Reconstructed 3D hand joints visual-
aPipe ized in Unity

Figure 3: Detected hand landmarks are integrated with camera
depth information and visualized in Unity after offline processing,
providing motion data for the AVP application.

To reduce measurement noise and improve the camera’s depth
map reliability, a local median filter is applied, which removes spu-
rious depth values. Metric 3D joint positions are subsequently com-
puted by combining the filtered depth measurements with the 2D
landmarks from MediaPipe. If a joint lacks a valid depth mea-
surement, its 3D position is estimated by anchoring to the wrist
depth from the RGB-D camera and scaling the joint’s relative z-
coordinate provided by MediaPipe. In cases of temporary occlu-
sion or detection dropouts, trajectory gaps are interpolated using a
constant velocity motion model [3], which assumes that the joint’s
velocity changes gradually between consecutive frames.

3.3 Replay Pipeline and Vision Pro Deployment

The processed 3D hand trajectories are serialized into Newline De-
limited JSON (NDJSON) files, where each entry corresponds to
the 21 hand landmarks of a single frame. This format facilitates
sequential, low-latency data streaming into the Unity development
environment (see Fig. 3b), which serves as the primary rendering
engine for the AVP application. In Unity, a dedicated playback
component parses the data to drive a rigged hand model. Additional
smoothing filters are applied if necessary to reduce any residual jit-
ter from capture or processing.

To maintain versatility across different recording conditions, the
system dynamically maps and scales joint positions based on data
availability. When RGB-D depth integration is successful, true-
scale 3D coordinates are used, allowing the virtual hand to be ren-
dered at a 1:1 scale relative to the real-world suturing pad in the
AVP passthrough view. In scenarios where depth data is missing or
invalid, the system reverts to MediaPipe’s normalized landmarks.
These values are uniformly scaled to match the anatomical propor-
tions of the rigged model, ensuring a visually consistent represen-
tation even in the absence of absolute metric data. This pipeline en-
sures that the rigged hand reproduces the captured expert trajectory,



preserving spatial and temporal consistency before deployment in
the AVP headset.

4 PLANNED EVALUATION

Preliminary expert suturing demonstrations have been recorded,
and the resulting 3D hand trajectories have been successfully re-
played using rigged hand models on the AVP. Initial testing con-
firms the technical feasibility of the data pipeline, from motion ac-
quisition to spatial visualization within the headset.

Ongoing work involves system calibration and securing ethics
approval for exploratory user studies with surgical trainees. These
studies will focus on system feasibility, focusing on the perceived
usefulness of 3D guidance and the clarity of the visual cues. This
qualitative phase will ensure the system meets the practical needs
of surgical education before proceeding to quantitative assessments
of skill acquisition and training effectiveness.

5 DISCUSSION AND LIMITATIONS

This work shows that captured expert hand motions have the poten-
tial to serve as spatial guidance in a Vision Pro—based XR environ-
ment, enabling trainees to practice by imitation without continuous
supervision. The prototype is intended for evaluation in a simulated
training setting rather than intra-operative scenarios.

Current limitations include offline-only guidance and depen-
dence on hand-pose estimation and depth alignment quality. Dur-
ing preliminary recordings, hand joints were reliably detected even
when gloves were worn without markers (see Fig. 4b), although
occasional tracking glitches occurred. In the operating room pro-
cedures are typically performed under intense surgical lighting to
ensure clear visualization of fine anatomical structures and suture
placement. To support realistic training, the XR environment can be
combined with these lighting conditions (see Fig. 4a), as perform-
ing precise tasks under such illumination is essential for developing
a better hand—eye coordination and procedural fidelity.

(a) Tracking under surgical
lights

(b) Tracking with standard surgical gloves

Figure 4: Demonstration of hand tracking robustness showing sta-
bility under intense surgical glare and successful 21-joint landmark
detection while wearing standard surgical gloves.

Prior work, such as by Karelin et al. [10], demonstrates that the
Vision Pro can achieve sub-centimeter hand tracking accuracy suit-
able for immersive XR applications. This suggests that it could
be used to track and record trainee motions for direct trajectory
comparison against expert baselines. However, maintaining opti-
mal headset positioning and physical lighting remains critical to
minimizing depth errors and ensuring consistent alignment for ob-
jective assessment.

6 CONCLUSION AND FUTURE WORK

This work explores hand-level XR guidance for cardiac surgical
training, allowing repeated access to expert demonstrations and
hands-on practice in a controlled, immersive environment. Next
steps include enabling trainees to follow expert hand trajectories

interactively in the AVP headset. The system will be extended
to additional fine motor tasks. Planned user studies will evaluate
skill development and training efficacy. Overall, this work indi-
cates the feasibility of Vision Pro—based XR for repeatable, expert-
informed training without continuous supervision. Future work
may explore real-time guidance and adaptive feedback tailored to
individual learner performance.
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