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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.

Keywords: Surgical vision - Robot-assisted minimally invasive surgery

- 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.

Dt Dataset Attributes Scene Types Tnferred Labels Provided Reference Signals
Seq. Specimens Modality  Setting Live  StaticDyn. Rigid Deform. Obj. 3D Model Tool Masks ~ Camera Calib. Multi-Camera*
EndoVis 17/18 Da Vinci Xi
a0 29 a0 DAVRAN gy v v v
1y Karl Storz
MITI |22 S e e v v
STIR 53 572 4  DaVidXi L2V v v
In vivo
Phantom
Hamlyn Centre oo, Phanto -
e - Da Vinei i Bz vivo ¢ v v v
In vivo
SERV-CT[16] 16 2  DaVinei Postmortem v v v
SCARED 3. 9 9  Da Vinci XiPostmortem v v v
StereoMIS 0] 16 6  DaVinciXi Invivo v v v v v
Ex vivo
iMED (Ours) 340 14  DaVind5 Invio 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 framesx60 FPS) across diverse surgical scenarios: 10 ez 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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Fig. 2: Example geometric reconstructions and label projection enabled by iMED.
Left: synchronized stereo views from both endoscopes, stereo depth estimationo ,
aligned point clouds from provided camera calibrations, Poisson-reconstruction, and
reprojected tool masks. Right: Representative anatomical regions with surface recon-
structions from ez vivo specimens (chicken, porcine, bovine), human cadaver sites, and
live porcine tissue. Inference code to recreate geometry and 3D tool labels is provided.
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Using iMED, we evaluate 23 SOTA algorithms across tasks central to 3D
perception: rigid NVS, deformable (online & not) NVS, camera pose estima-
tion, feature matching, and depth estimation. Our analysis suggests that, under
this held-out-endoscope protocol, methods relying primarily on photometric su-
pervision degrade under physically independent viewpoints, while methods with
explicit geometric regularization are more robust across views. Depth super-
vision has representation-dependent effects, and large multi-domain foundation
models often transfer well to surgical imagery compared with surgical-only train-
ing or aggressive fine-tuning. We define train-on-one-endoscope, test-on-another
evaluation protocols that eliminate trajectory overlap and measure geometric
generalization across physically independent cameras, a standard in multi-view
human capture datasets that is absent from surgical benchmarks. Motivated by
the lack of independent test views in surgical datasets, we introduce iMED and
make the following contributions:

1. A train-on-one-endoscope, test-on-another evaluation protocol providing held-
out viewpoints with large baseline and viewing-direction differences, as a
better proxy for geometric generalization beyond photometric interpolation

2. A synchronized multi-endoscope dataset for RAMIS with 340 sequences
(=170K timepoints with 4 images per timepoint) across ez vivo, in vivo
postmortem, and in vivo settings (See Fig. |3)

3. Calibrated multi-view images and structured annotations (cam intrinsics,
reference trajectories, anatomical labels, motion categories, instrument masks)

4. A benchmark of 23 methods across NVS, pose estimation, feature matching,
and monocular depth estimation that exposes previously unobserved be-
haviors: models trained using only image supervision perform poorly on new
viewpoints, methods with explicit 3D regularization generalize more reliably,
and foundation models often transfer better than surgical-only training
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Fig. 3: A: Distribution of segs. by anatomical region and organ type including number
of timepoints per category. B: Distribution of seqs. by motion regime (camera motion
vs. scene motion). Calibration-only sequences are excluded. C: Distribution of segs. by
session type. D: Distribution of seqs. by cam spatial relationships, showing inter-cam
separation distance and orientation difference.

2 Related Work

Multi- View and 3D Reconstruction Datasets. Rigorous evaluation of 3D recon-
struction requires validated geometric ground truth. Multi-view stereo bench-
marks establish ground truth through controlled conditions: DTU employs
robotic arms capturing 49-64 viewpoints with trajectories; BlendedMVS
synthesizes depth maps from 20-1000 input views per scene via photogrammet-
ric reconstruction; Tanks and Temples [30] validates outdoor reconstructions
from 150-300+ images against laser scans. These methods enable pixel-accurate
depth evaluation but are confined to static, well-textured scenes. Object-centric
datasets (CO3D, uCO3D [37,52]) capture objects from smartphone video, while
unbounded scene datasets like Mip-NeRF 360 and RealEstatel0K use
COLMAP and ORB-SLAM?2 on controlled captures. In many of these
datasets, static scenes are recorded from a wide range of viewpoints, often cir-
cling around the object or environment. Because the same scene is observed from
many directions, it is logical to train models on some views and evaluate them
on other viewpoints from the same capture.

Dynamic scenes introduce an additional challenge: views captured at dif-
ferent moments no longer correspond to the same geometry. Several datasets
study deformable reconstruction under these conditions. D-NeRF and Ner-
fies [44] explore neural rendering from monocular video, while HyperNeRF
uses a stereo rig. These works typically focus on predicting intermediate time
steps, training on subsets of frames and testing on unseen frames along the same
trajectory. Multi-view human capture datasets instead measure spatial general-
ization directly by recording scenes with many synchronized cameras. Panoptic-
Studio (480 cameras), Immersive Video Dataset (46 cameras), and
Plenoptic Video (21 cameras) train models on some viewpoints and evalu-
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Table 2: Label provenance for iMED. We report annotation level, generation type,
source method, and whether the annotation is included in the public data release. For
storage reasons, stereo depth and 3D geometry are reproducible via provided code.

Label Level Provenance Source / Method Released
Session type Seq. Manual Curator v
Broad anatomical region Seq. Manual Clinical specialist v
Detailed scene caption Scene Manual Clinical specialist v
Instrument type Seq. Manual Clinical specialist v
Motion regime/movement type Seq. Manual Curator + protocol v
Camera intrinsics/stereo baseline Seq. Measured Calibration procedure v
Frame-wise camera poses Frame Measured ArUco PnP -+ refinement v
Instrument masks Frame Inferred 19] v
ArUco masks Frame Inferred 19] v
ArUco in-painted Frame Inferred 134] v
Stereo depth Frame Inferred |66| (code provided) X
3D geometry (point clouds/meshes) Frame Derived Poisson (code provided) X

ate them on others captured at the same moment in time. Because the held-out
views come from different cameras, this setup provides a stronger test of the
geometry than interpolation along a single trajectory. These datasets assume
isolated deforming subjects against largely static backgrounds, a configuration
incompatible with surgical scenes where the entire field of view may deform.
The Drunkard’s Dataset [51] further studies deformable visual odometry un-
der exploratory camera motion using synthetic data designed with endoscopic
navigation in mind, where the entire scene undergoes non-rigid distortion.

Surgical Datasets. Surgical datasets face unique ground truth challenges. The
physical impossibility of placing dozens of cameras inside the body constrains
surgical vision systems to far fewer synchronized viewpoints than multi-view
benchmarks. Early surgical datasets established ground truth through external
sensing modalities: SCARED |3] uses structured light across 9 sequences; SERV-
CT [16] aligns endoscopic views with CT scans but provides only 16 static image
pairs from two specimens; EndoAbS [46] employs laser scanning for 120 image
pairs across 20 fixed phantom poses. These datasets, captured from postmortem
tissue or phantoms, enable stereo depth evaluation but are fundamentally limited
to single-trajectory, single-timepoint capture in non-deforming environments.
Recent datasets expanded temporal and deformation coverage while maintaining
single-trajectory capture: STIR, [53] provides 572 sequences with infrared marker
tracking; StereoMIS [40] contributes 16 sequences with poses; MITT 22| features
stereo with calibrations within one procedure; SegSTRONG-C [14] targets tool
segmentation providing binary instrument masks over a small set of sequences
(17) ex vivo animal tissues. Despite increased sequence counts, all existing surgi-
cal datasets provide single endoscope captures along a single path through time.
iMED fills these gaps (real-world deformation, multi-camera capture) for surgical
settings through synchronized dual-endoscope capture (4 camera streams) with
overlapping fields of view, enabling cross-trajectory spatial validation across 340
sequences spanning ex vivo, postmortem, and live surgical scenes (examples of
anatomical regions in Fig. [2) with ArUco-based reference pose estimation.
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Fig. 4: Left: ArUco calibration cube design iterations leading to our final 8 mm wooden
cube design. Right: ArUco-based pose estimation pipeline: (1) marker detection, (2)
PnP pose estimation, (3) relative transformation via RANSAC and refinement.

3 Dataset Curation

3.1 Acquisition Set-up

Data was acquired using three Anonymized surgical systems with three 8mm 0°
and four 8mm 30° endoscopes. Due to hardware constraints, only one endoscope
mounts to the robotic arm operationally. For in vivo sessions, the second en-
doscope was placed on an articulated passive arm (See Fig. [1} top left); for ex
vivo sessions, both endoscopes were hand-guided in non-operative configuration.
Throughout this paper, we designate the stationary endoscope mounted on the
articulated arm as Endoscope 1, which remains fixed during data collection. The
mobile endoscope mounted on the robotic patient cart with active illumination
is designated as Endoscope 2. Only Endoscope 2’s integrated light source was ac-
tivated during acquisition to maintain lighting conditions representative of stan-
dard MIS procedures. Since the two endoscopes observe different illumination
characteristics, we normalize their photometric appearance using sequence-level
statistics to ensure robustness against per-frame artifacts. See Suppl. Sec. 6.4
for evaluation of multiple normalization strategies.

We capture four HDMI streams from two hardware-synchronized endoscopes
separated by 2.6+1.2 cm with 18.7°+10.0° orientation difference (Fig. [3). This
2.6cm inter-camera separation is substantially larger than the 4mm intra-endoscope
stereo baseline, representing up to 50% of the typical 6-13 cm laparoscopic field of
view [60,64]. Synchronization accuracy across ~170K frame pairs achieved mean
timing difference of 3.36 ms (SD = 3.90 ms), much less than the ~17ms frame du-
ration. See Suppl. Sec. 6.1 for complete hardware synchronization methodology
and timing analysis. All sequences are compressed using H.264 CRF 18 encoding;
we recommend GPU-accelerated decoding (NVDEC) for efficient processing.

Calibration Strategy Due to hardware constraints preventing direct capture
of relative pose between the two endoscopes, we developed an external calibra-
tion system using custom calibration cubes with ArUco fiducial markers [1§].
ArUco markers are square fiducial tags with an internal bit pattern designed
for pose estimation and unique identification. Each marker consists of an outer
perimeter of black cells surrounding an inner data payload region (examples
seen in Fig. ). Our design requirements included: (1) fit through standard tro-
car ports (<12mm [35]), (2) provide high-contrast markers for reliable detection,



8 S. Bonilla et al.

(3) be manipulable by robotic instruments, (4) remain stable via surface tension
when placed on tissue, and (5) resist staining during acquisition sessions. After
multiple design iterations ( Fig. , we converged on 8mm wooden cubes with
5.7mm laser-etched ArUco markers from the "ARUCO_MIP_36h12" dictionary [19).
See Suppl. Sec. 6.1 for complete design iteration analysis.

We use two acquisition protocols, filterable via metadata flags: (1) Static
Camera Post-Calibration (=40% of sequences): ArUco cubes are moved around
to densely sample the working volume, then removed before tissue manipulation
sequences proceeds with fixed cameras (mean drift pre and post tissue manipu-
lation: 1.97° rot, 3.3mm trans, indicating stable calibration throughout manipu-
lation tasks); (2) Dynamic Camera Sequences (~40% of seqs): markers remain
visible throughout to enable continuous pose estimation during movement.

3.2 Reference Camera Poses

To provide the reference camera trajectories, we employ an ArUco marker-based
pose estimation pipeline computing relative transformations between endoscopes
(Fig.[4). For each 5.7mm ArUco marker detected in both cameras, we estimate 6-
DOF poses using a Perspective-n-Point solver [26] with known marker geometry
and camera intrinsics. We aggregate observations across a sliding window and
compute rel. camera-to-camera transformations for commonly visible markers.
The full pipeline consists of five stages: (1) RANSAC Initialization and
Refinement: To handle detection errors and occlusions, we use RANSAC [17]
to identify inlier observations based on angular and translational consistency
thresholds. We then refine the best hypothesis by minimizing bidirectional re-
projection error across all inlier marker corners using Levenberg-Marquardt op-
timization [32,[39]. (2) Stereo Fusion: Each endoscope contains left and right
stereo cameras. We independently compute left-to-left and right-to-right trans-
formations, then average via quaternion interpolation for the final trajectory. For
static calibration sequences, the sliding window spans the entire sequence du-
ration, providing a globally-optimized transformation from all observations. (3)
Outlier Detection: We identify outliers through frame-to-frame velocity analysis.
Expert laparoscopic tool velocities are less than 8.5 cm/s [25]. At 60 fps capture
rate, this corresponds to frame-to-frame displacements of approximately 0.14 cm.
Considering this and a working volume of 20cmx20cmx20cm, we set conservative
thresholds rejecting poses with translation changes >0.7 cm/frame and rotation
changes >3.0°/frame to effectively filter ArUco detection errors and mechanical
artifacts while preserving plausible motion. (4) Temporal Smoothing: We apply
Savitzky-Golay filtering (W = 15 frames, p = 1) to translation axes and smooth
rotations in quaternion space with sign continuity enforcement and renormal-
ization. Outlier poses use linear interpolation (translation) and SLERP [57] (ro-
tation) between smoothed neighbors. (5) Uncertainty Quantification: We assess
pose reliability with consistency between independently computed left-to-left
and right-to-right transformations, quantifying translational (in m) and rota-
tional (in °) uncertainty. Ablation studies validate each stage of the trajectory
pipeline, showing up to 90% reprojection err. reduction and sub-2mm physical



iMED 9

Table 3: Reference trajectory accuracy after full refinement across session types. See
Supplementary Sec. 6.5 for complete ablations and 3D consistency metrics.

Session Type Reproj. Err. (px)]  Physical Err. @5cm (mm)J
Ex vivo 38.33 1.88
In vivo (postmortem) 17.00 0.83
In vivo (live) 11.87 0.58

accuracy at b cm working distance. We release trajectories, raw calibration segs,
and recomp code; summary results appear in Tab. 3] (ablations in Suppl 6.5).

4 Benchmarking Experiments

We evaluated 23 SOTA methods: two rigid NVS, six deformable NVS, 11 fea-
ture matching/pose estimation methods, and four monocular depth estimation
methods. Perhaps not surprisingly, methods designed for wide baseline multi-
view datasets struggle when confronted with surgical constraints. The train-
on-endoscope-2, test-on-endoscope-1 protocol exposes a failure mode: methods
that interpolate photometric appearance collapse when forced to extrapolate
geometric structure from constrained viewpoints. Performance correlates with
geometric regularization, but at the cost of computation time, a challenge for
real-time constrained 3D perception. All experiments were run on four NVIDIA
RTX 6000 Ada GPUs. For reproducibility, the sequences are labeled (Suppl.
Tab. 10). For the NVS, pose, and feature-matching tasks, reference cam-to-cam
transforms are estimated from calibration observations in the static-camera pro-
tocol; dynamic-camera trajectories are released as a resource and can be filtered
using metadata.

4.1 Rigid NVS

Methods. NeRF |41] and 3D Gaussian Splatting (3DGS) [29] represent cur-
rent SOTA for rigid NVS: NeRF employs implicit volumetric rendering through
coordinate-based MLPs, while 3DGS uses explicit anisotropic Gaussians with dif-
ferentiable rasterization. We evaluate with and without depth supervision from
[66L|70] to test if geometric priors from surgical imagery improve reconstruction
quality. All experiments were conducted on processed [54] test sequences.
Results. Depth supervision produces opposite trends across representations: NeRF
degrades, while 3DGS improves (Tab. . For NeRF, depth supervision leads to
ghost-like, semi-transparent artifacts and lower fidelity at the test viewpoint
(Fig. [)). To analyze this behavior, we interpolate from a train camera toward a
held-out test camera in 10% increments and compute SSIM between the rendered
images and the test held-out view. In the expected case, SSIM should increase
monotonically as the rendering approaches the test camera pose, which is ob-
served for vanilla NeRF. However, dep-sup NeRF exhibits non-monotonic SSIM
trends, where geometric convergence does not yield better photometric values.
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Table 4: NVS benchmarks. Methods trained on Endoscope 2 and evaluated on Endo-
scope 1. Rigid and deformable methods perform offline optimization vs. online methods

incrementally update the scene using only the most recent observations during acqui-
sition (see Sec. {4.1). FPS excludes SfM preprocessing.

Method Depth PSNR1t SSIM?T Render (FPS)t Train (FPS)?t

Rigid Novel View Synthesis

NeRF x 17.24 0.65 0.11 0.21
NeRF DA [70 16.29 0.55 0.11 0.19
NeRF FS (60| 15.93 0.55 0.11 0.18
3DGS x 14.82 0.59 487.62 0.59
3DGS DA 14.77 0.63 509.99 0.36
3DGS FS [66; 15.33 0.63 497.43 0.31

Deformable Novel View Synthesis

4DGS |71 x 13.74 0.57 578.46 0.38
D-3DG x 14.50 0.51 31.41 0.14
4DGS [68; x 15.65 0.33 38.99 0.76
Endo-4DGS DA 16.26 0.59 309.37 0.66

Online Deformable Novel View Synthesis

15.66 0.40 224.15 0.15
15.92 0.40 229.39 0.14
24.16 0.87 65.18 0.07
25.29 0.90 63.58 0.06

Prior work suggests NeRF may “cheat” by modeling semi-transparent vol-
umes to approx. reflections; dep. sup. may accentuate this behavior, producing
artifacts that worsen as views diverge from the train distribution.

4.2 Deformable NVS

Methods. Live surgical scenes exhibit full field-of-view non-rigid deformation from
respiratory motion, cardiac pulsation, peristalsis, and tool-tissue contact. We
benchmark six deformable Gaussian Splatting variants. Offline methods optimize
over complete sequences: D-3DGS [72], 4DGS (Wu et al.) [68], 4DGS (Yang et
al.) , and Endo-4DGS . Online methods perform incremental optimization
during acquisition: Hayoz et al. and DynOmo . We evaluate Hayoz with
both its original RAFT depth prior and FoundationStereo ; DynOmo
with both its original Depth Anything and FoundationStereo.

Results. Performance correlates directly with geometric regularization strength
(Tab. Fig. @ Methods relying solely on photometric supervision fail un-
der scenarios with constrained viewpoints, where photometric cues alone can-
not disambiguate geometric structure. D-3DGS achieves low performance using
only L1+D-SSIM photometric loss, allowing unconstrained per-Gaussian warp-
ing that produces geometrically inconsistent reconstructions across independent
viewpoints. The 4DGS variants add temporal regularization through total vari-
ation constraints on hexplane/temporal features but lack explicit spatial co-
herence, achieving marginal improvements. Methods incorporating explicit 3D
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Test Image

NeRF NeRF + DA NeRF + FS Average SSIM vs Interpolation to Test View

20 40 60 80
Interpolation to Test View (%)

Fig. 5: Left: Rendered test views show ghost-like artifacts in depth-supervised variants.
Right: SSIM computed against the test held-out image during camera interpolation
from a training (0%) to test (100%) viewpoint. NeRF (purple) improves monotoni-
cally, while depth-supervised variants degrade despite geometric convergence, suggest-
ing transparent density surfaces rather than opaque geometry.

Photometric Only
Endo-4DGS [24] 4D GS Wu [69] 4D GS Yang [72]  Deformable 3DGS [73]
L L2

Ground Truth Dynomo [56] Hayoz [23]
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&
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-
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Fig. 6: Qualitative comparison of the Deformable NVS methods.

geometric constraints demonstrate substantial gains. Endo-4DGS achieves bet-
ter quality through depth supervision, surface normal consistency, and confi-
dence weighting—directly enforcing geometric plausibility. Hayoz applies local
rigidity to sparse anchor points, providing modest spatial coherence. DynOmo
achieves superior performance, applying dense 3D constraints to all Gaussians:
local rigidity in position and rotation, isometry for long-term distance preserva-
tion, feature-similarity-based neighbor selection, and instance-aware grouping.

The train-on-one, test-on-another protocol measures geometric fidelity in-
stead of photometric overfitting. Since methods without 3D constraints exhibit
quality collapse at test views (Fig. E[), this suggests that, under this benchmark,
these methods rely more on view-dependent radiance approximations than multi-
view consistent geometry. DynOmo’s dense spatial regularization and foundation
model features maintain coherence across the ~2.6cm and ~18.7° viewpoint shift,
achieving near-photorealistic quality, but at substantial computational cost: 16
seconds/frame versus Endo-4DGS’s 1 second/frame in training time. This 16x
slowdown exposes a critical open problem: current 3D regularization strategies
require expensive neighborhood computation, multi-constraint optimization, and
dense feature matching, a computational barrier that remains prohibitive for
real-time clinical deployment.
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Fig. 7: Qualitative comparison of image matching methods showing correspondence
quality. Green lines indicate inlier matches; red lines indicate outliers. The angle next
to the method name is the average rotational error.
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4.3 Pose Estimation & Feature Matching

Methods. We evaluate 11 pose estimation and feature matching methods on 30
calibrated stereo endoscopy sequences with the reference camera poses. Meth-
ods include handcrafted features (SIFT [38]), learned sparse matchers (Super-
Point+Light Glue , DISK+LightGlue , ALIKE-+LightGlue , XFeat )7
dense matchers leveraging foundation models (GIM+LightGlue , LoFTR ,
EndoMatcher , RoMa , MASt3R ), and a metric relative pose esti-
mator (MicKey @) We compute rotation error and inlier rate across all 30
sequences to measure generalization across diverse surgical scenes, anatomies,
and imaging conditions. For the 23 sequences featuring tool-tissue deformations
with static cameras, where scene motion occurs without camera movement, we
additionally compute temporal consistency (standard deviation of rotation er-
rors), which measures frame-to-frame stability critical for tracking and SLAM
applications. Results. Dense foundation model methods achieve best absolute
accuracy: RoMa produces 3905 inliers with 78.1% inlier rate and 1.79° rotation
error; MASt3R yields 1676 inliers with 70.3% rate and 1.81° error, providing
2—50x more correspondences than sparse methods. However, learned sparse
methods achieve superior temporal consistency: GIM+LightGlue demonstrates
0.41° temporal drift versus 1.38—2.00° for dense methods, making it ideal for
real-time SLAM despite slightly lower absolute accuracy. This temporal stability
likely arises from GIM’s label propagation across video frames during training,
which enforces match coherence over time . MicKey ﬂ§||, a metric relative pose
estimator trained on outdoor scenes, reasonably failed to produce valid corre-
spondences across all surgical sequences, presenting an opportunity for future
work to develop efficient metric pose estimators robust to deformable environ-
ments. SIFT’s poor performance confirms that learned methods provide better
accuracy with lower variance compared to handcrafted features. These results
demonstrate that models trained on large-scale diverse data transfer effectively
to surgical domains, and that the accuracy-stability tradeoff between dense and
sparse methods persists even in constrained imaging conditions.

4.4 Monocular Depth Estimation

Methods. We evaluate monocular depth prediction on calibrated stereo endoscopy
sequences using reference depth obtained from a SOTA stereo prior [66]. Given a
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Table 5: Pose estimation and feature matching benchmarking results. Temporal con-
sistency measures rot. drift across segs. with tool-tissue deformation and static cameras.

Method Rot. Err.(°)l Temporal Drift(°) Inlier Rate (%)1 Avg Inlierst
RoMa 1.79+41.41 1.41 78.1 3905
MASt3R 1.8141.38 1.38 70.3 1676
GIM+LG [36,56| 1.8741.48 0.41 43.1 264
ALIKE+LG 1.914£1.52 0.64 68.2 211
LoFTR 1.91+1.40 0.43 47.2 513
DISK+L 1.93+£1.52 0.59 55.2 446
XFeat 2.1341.47 0.77 25.9 854
SP+LG , 2.154+1.41 0.70 34.2 74
EndoMatcher |69 3.40%+1.91 2.11 39.9 1255
SIFT 4.04414.45 5.44 52.9 91
UniDepth-V2 [48] MoGe-V2 [66] EndoDAC [11] Endo3R [21]

e |
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Stereo Depth [67]
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Fig. 8: Qualitative comparison of mono. depth estimation compared to inferred stereo
depth . Error maps show abs. depth error after median scaling of the predictions.

left image, each model predicts dense depth JZ-, which we compare to the stereo
reference d; reprojected into the same frame. We benchmark four representative
models without sequence-specific fine-tuning: two domain-specific surgical mod-
els, Endo3R [21] and EndoDAC [11], and two recent metric-scale SOTA monocu-
lar depth models, UniDepth-V2 and MoGe-V2 . Evaluation is performed
on the same 30 test sequences from ex-vivo, in-vivo, and postmortem scenes
(over 6 x 10% valid pixels). We report standard depth metrics: absolute relative
error (Abs Rel), root mean squared error (RMSE), log RMSE, and threshold
accuracies 91, 02, 03, where max((fi/di, dl/c@) < 1.25% ke {1,2,3}. Since monoc-
ular depth is inherently ambiguous in global scale, we report results with median
scaling (single optimal scale per sequence). For two models that explicitly claim
metric-scale prediction [47,65], we also report without scaling.

Results. With median scaling, the two general-purpose, metric-scale monocu-
lar depth models [4765]) outperform the surgical-domain methods [11}21](Tab.[6]
Fig. . This holds despite EndoDAC being initialized via and subsequently
fine-tuned on surgical data, while Endo3R is trained only on surgical imagery. In
the no-scaling setting, the two models that claim metric scale exhibit near-zero
& accuracies and large errors. This indicates a substantial global scale mismatch
and reinforces that explicit scale calibration is necessary in surgical deployment.
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Table 6: Monocular depth prediction compared to inferred stereo depth |66]. Methods
that report metric-scale predictions [47}/65] are evaluated without median scaling.

Method Med. Scaled  Abs Rell RMSE{ RMSEz, 61 1 5y 1 53 1
UniDepth-V2 [47] Yes 0.081 0.012 0.111 0.936  0.992  0.998
MoGe-V2 [65] Yes 0.109 0.014 0.140 0.889  0.989  0.998
EndoDAC [T1] Yes 0.119 0.017 0.164 0.854  0.968  0.994
Endo3R [21] Yes 0.187 0.023 0.236 0.704  0.927  0.972
UniDepth-V2 [47] No 11.573 1.098 2.465 0.000  0.000  0.000
MoGe-V?2 [65] No 14.556 1.329 2.683 0.000  0.000  0.000

Limitations. Ez vivo sequences use hand-guided (non-robotic) endoscope mo-
tion, resulting in less smooth trajectories than robotic manipulation. For dy-
namic camera sequences where ArUco calibration markers remain visible through-
out, mask-based preprocessing is used to exclude markers |34]. Viewpoint diver-
sity is lower than classic multi-view datasets because surgical acquisition is con-
strained by trocar placement, visibility, and safe camera motion. More subject
and anatomical diversity is important future work.

5 Conclusion

iMED exposes limitations in 3D perception under constrained, deformable surgi-
cal environments through synchronized recordings from two independent stereo
endoscopes with overlapping fields of view. This enables evaluation from phys-
ically distinct viewpoints, revealing whether methods recover consistent geom-
etry or mainly interpolate appearance along a single trajectory. Across rigid,
deformable, and online novel view synthesis, pose estimation/feature matching,
and monocular depth estimation, many methods degrade under narrow-baseline
motion, specular tissue, full-field deformation, and topology changes. Surgical
scenes therefore act as a stress test for assumptions often hidden by standard
same-trajectory evaluations.

Across tasks, broad multi-domain vision models often transfer more robustly
to unseen surgical domains than surgical-only models or aggressively fine-tuned
methods, suggesting that narrow training can discard invariances needed for
cross-device and cross-site generalization. We hypothesize that robust surgical
3D perception will require multi-domain training that incorporates surgical data
without sacrificing general visual priors. iMED provides infrastructure for this
direction, with diverse anatomical conditions and a benchmark that rewards
genuine geometric generalization. Advances under these constraints are likely
to transfer to robotics, AR/VR, and embodied systems operating in dynamic,
sensor-limited environments. Acknowledgements. This work was supported in
part by Intuitive Surgical and by the Engineering and Physical Sciences Research
Council (EPSRC) through the OASIS programme under grant UKRI145.
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