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Abstract. We introduce iMED, the first synchronized multi-endoscope
dataset for robot-assisted minimally invasive surgery (RAMIS), designed
to address a fundamental limitation in surgical vision benchmarking: the
absence of independent held-out viewpoints. Existing surgical datasets
capture single-trajectory sequences from a single endoscope, making it
impossible to distinguish geometric generalization from photometric in-
terpolation along a narrow forward-facing path. iMED provides 340 se-
quences (=170K synchronized timepoints with 4 views per timepoint)
recorded simultaneously from two independent stereo endoscopes across
ex vivo, postmortem, and live surgical settings, spanning 14 specimens
with diverse anatomical regions and motion regimes. The dataset in-
cludes calibrated camera intrinsics, ArUco-based frame-wise pose esti-
mates with uncertainty quantification, instrument segmentation masks,
and rich clinical metadata. Using a train-on-one-endoscope, test-on-another
evaluation protocol, we benchmark 23 state-of-the-art methods across
rigid and deformable novel view synthesis, pose estimation, feature match-
ing, and monocular depth estimation. Our experiments show that meth-
ods relying primarily on photometric supervision degrade substantially
under this held-out-endoscope setting, while methods with explicit ge-
ometric regularization are more robust across views in our benchmark.
Notably, large-scale foundation models transfer surprisingly well to sur-
gical imagery, often outperforming domain-specific models, suggesting
pitfalls in current fine-tuning protocols. iMED establishes a new evalua-
tion protocol for geometric generalization in surgical vision. Dataloader
and dataset links can be found at github.com/surgical-vision/imed.
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- 3D from multi-view

1 Introduction

Non-rigid scenes with constrained camera motion are among the most chal-
lenging regimes for image-based 3D perception tasks (i.e. pose estimation, fea-
ture matching, optical flow, depth estimation, and novel view synthesis (NVS)).


https://github.com/surgical-vision/imed
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Fig. 1: Data platform with two stereo endoscopes (top-left), common camera trajec-
tories (top-right), and pipeline outputs including session/anatomy/instrument/motion
labels, camera intrinsics, ArUco pose estimates, inferred tool masks , stereo depth (code
provided), and derived 3D geometry. See Tab. [2| for provenance.

Although challenging, such conditions often arise in real-world robotic appli-
cations like digital human modeling of clothed bodies [7], submarine explo-
ration [10], and robot-assisted minimally invasive surgery (RAMIS) [53|. Among
these, RAMIS represents an extreme regime. Cameras operate inside the body
under severe viewpoint constraints, typically following narrow, forward-facing
trajectories through deformable tissue with strong specularities and transient
phenomena (smoke, bleeding, topology changes). These conditions compress mul-
tiple failure modes for 3D perception methods, making RAMIS an informative
stress test for visual geometry in real-world robotic systems.

Computer vision benchmarks have historically advanced 3D perception through
standardized evaluation protocols . In rigid environments, datasets captur-
ing scenes from many surrounding viewpoints with known camera poses enabled
progress in multi-view reconstruction and mapping . Dynamic-scene
benchmarks later extended these ideas to time-varying NVS and reconstruc-

tion , typically relying on wide-baseline or 360 /180 capture where
cameras observe scenes from diverse directions. Surgical vision datasets have en-

abled progress in reconstruction, camera tracking, and tool analysis .
Unlike the surrounding-view capture in general benchmarks, endoscopic cameras
follow narrow forward-facing paths through tissue, producing sequences with sig-
nificant image overlap and limited viewpoint diversity.

In NVS and 3D scene representation, models are typically evaluated using
images at held-out camera poses and reporting metrics such as PSNR and SSIM
against held-out views . These metrics quantify photometric fi-
delity and have become standard quantitative benchmarks. However, they are
proxies for reconstruction quality rather than direct measures of geometric con-
sistency: high PSNR,/SSIM can reflect local interpolation between nearby view-
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Table 1: Comparison of stereo-endoscopic datasets for 3D perception in minimally
invasive surgery. Multi-Camera* defined as more than one stereo camera pair. **only
for 2 phantom validation sequences with CT scans.

Dataset Dataset Attributes Scene Types Inferred Labels Provided Reference Signals
Seq.Specimens Modality ~ Setting Live  Static Dyn. Rigid Deform. Obj. 3D Model Tool Masks ~ Camera Calib. Multi-Camera*
EndoVis 17/18 Da Vinci Xi N
5 29 29 Da Vinei X In vivo v v v v
~ - Karl Storz .
MITI |22] - 1 3D Tipcam Invivo v v v
STIR 53| 572 4 DaVindxi XYWV o v v
In vivo
Phantom
Hamlyn Centre i . -
211955 - Da Vinci Si Ex vivo v v v v
In vivo
SERV-CT |16] 16 2 Da Vinci  Postmortem v v v
SCARED 3] 9 9 Da Vinci XiPostmortem v v v
StereoMIS 40| 16 6 Da Vinci Xi  In vivo v v v v v
Ex vivo
iMED (Ours) 340 14 Da Vinci 5 In vivo v v v v v v v v
Postmortem

points, without uniquely determining whether the model has learned the under-
lying 3D structure [67]. This limitation is amplified when train and test poses
lie along the same forward-facing trajectory, where test views are typically sam-
pled from nearby frames in time so differ only slightly in view. A complementary
evaluation is to test generalization under larger viewpoint shifts. In classic multi-
camera dynamic-scene benchmarks, this protocol is well established: models are
trained on a subset of cameras and evaluated on held-out cameras [8,/27,33].

To address this limitation in surgical vision, we introduce IMED, the first
multi-endoscope dataset for RAMIS, providing synchronized recordings from
two physically independent stereo endoscopes, four camera streams with over-
lapping fields of view, enabling cross-trajectory geometric validation (see Fig. .
The dataset comprises 340 sequences totaling 170K synchronized timepoints
(4 frames 60 FPS) across diverse surgical scenarios: 10 ex vivo organ spec-
imens (chicken, porcine, and bovine; 7 sequences each), 3 human cadaver
subjects (6 anatomical sites per subject, 7 sequences per site), and 1 live
porcine subject (10 anatomical sites, 7 sequences per site). Data collection
was performed in a USDA-licensed clinical lab using one porcine model and
three human cadaver models sourced from a willed body program. Each 10-
15 second sequence captures varied conditions including static scenes, respira-
tory motion, tool-tissue interactions with 20 common robotic instruments (see
both Tab. 2] and Suppl.Tab.7, contact-based tissue deformations, lighting varia-
tions, and specularities. All sequences include comprehensive metadata: anatom-
ical regions labeled by clinical specialists with surgical robotics expertise, robot
tool types, powered instrument usage (e.g., electrocautery), and motion cate-
gories (e.g., camera sweep, robot tool-tissue interaction, calibration). All frames
include inferred filtered instrument segmentation masks generated by [9]. Re-
fer to Tab. [2] for label provenance. To filter sequences towards specific applica-
tions (e.g. deformable vs. rigid), refer to Suppl.Tab.10. Recordings include intrin-
sic calibrations and frame-wise ArUco-based [18] camera poses refined through
reprojection-error optimization with uncertainty estimates.
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