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ABSTRACT

Minimally invasive procedures enable clinicians to perform interventions with reduced tissue damage and expedited
recovery times. However, laparoscopic imaging inherently provides a limited field of view, compelling surgeons to
mentally integrate preoperative imaging with intraoperative scenes, which is prone to localization errors. Augmented
reality (AR) offers a solution by overlaying preoperative 3D organ models onto live laparoscopic video; however, precise
3D reconstruction and localization of the surgical scene is critical for accurate overlays. In this study, we evaluated three
deep learning-based surface reconstruction methods, DROID-SLAM, MASt3R-SLAM, and the visual geometry grounded
transformer (VGGT), for reconstructing tissue surfaces from laparoscopic video. We evaluated these algorithms with a
dataset comprised of laparoscopic RGB frames of ex-vivo porcine tissue, ground-truth camera trajectories obtained via an
optical tracking system and known camera intrinsic parameters. Dense point cloud and depth map predications were then
qualitatively compared between models and estimated camera trajectory was compared quantitively using absolute
trajectory error (ATE) and relative pose error (RPE). Preliminary results indicate that all models produced plausible tissue
surface reconstructions, with estimated depth maps and camera trajectories demonstrating close alignment with the ground
truth. These findings suggest that deep learning-based 3D reconstruction methods can effectively support image-guided
interventions without relying on ground-truth camera poses or depth maps and may be integrated with AR to support
minimally invasive surgical workflows.
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1. INTRODUCTION

Minimally invasive techniques have transformed surgical practice by reducing postoperative recovery time, scarring, and
intraoperative complications.! These procedures are typically guided by preoperative imaging modalities such as computed
tomography (CT) or magnetic resonance imaging (MRI), or by intraoperative ultrasound, but they still depend heavily on
the operator’s ability to mentally correlate imaging data with patient anatomy. Real-time 3D surface reconstruction offers
a solution by providing augmented reality (AR) overlays of subsurface targets or anatomical models derived from
preoperative 3D images, thereby improving localization accuracy and reducing error rates.” Our previous work has
demonstrated the feasibility of AR frameworks in minimally invasive surgery 3 and biopsy * procedures.

Recent advances in dense visual simultaneous localization and mapping (SLAM) have increasingly shifted from purely
geometric pipelines toward learned end-to-end frameworks that integrate deep feature representations with global
optimization. For example, our group previously implemented dense surface reconstruction from monocular laparoscopic
video using a learning-based visual SLAM.3> DROID-SLAM 6, MASt3R-SLAM 7, and the visual geometry grounded
transformer (VGGT) 8 exemplify three distinct but convergent paradigms for jointly estimating camera motion and scene
structure from monocular image sequences. DROID-SLAM combines recurrent neural networks with differentiable bundle
adjustment, predicting dense pixel correspondences that are iteratively refined through a ConvGRU-based update operator
and optimized using Gauss Newton-based dense bundle adjustment over a frame graph. Its tightly coupled frontend-
backend architecture enables multi-view consistent depth estimation and global pose refinement, maintaining robustness
in low-texture and dynamic environments through confidence-weighted geometric optimization.

In contrast, MASt3R-SLAM incorporates learned 3D reconstruction priors in the form of dense point maps, using
directional ray-based matching and iterative projective alignment to track frames and fuse geometry into canonical
keyframe maps. Global consistency is enforced via pose graph optimization that minimizes ray-based errors, offering
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improved resilience to depth ambiguity and noisy predictions. VGGT adopts a more fully end-to-end strategy, leveraging
a transformer-based backbone pretrained with large-scale geometric prior to directly regress camera intrinsics, extrinsics,
depth, and 3D structure from arbitrary image sets. Broadly, these methods illustrate a spectrum from tightly integrated
learned-geometric optimization (DROID-SLAM) to prior-guided geometric fusion (MASt3R-SLAM), then to foundation-
model-style direct 3D regression (VGGT), reflecting the evolving balance between explicit geometric reasoning and
learned representation in modern SLAM systems.

In this study, we investigate deep learning-based 3D reconstruction methods for surgical scenes, including SLAM-based
and transformer-based frameworks, with the objective of identifying robust approaches suitable for image-guided
interventions.

2. MATERIALS AND METHODS
2.1 Laparoscopic frame acquisition procedure

The experimental setup is similar to our previous work,” which included a laparoscope (WAIR100A, Olympus), and an
optical tracking system. Porcine abdominal tissue was used for dataset acquisition. The laparoscope was equipped with an
RGB camera (E3ISPM, ToupTek) and coupled to a halogen light source (OSL2 High-Intensity Fiber-Coupled Illuminator,
Thorlabs, Newton, NJ) via optical fiber to provide consistent illumination of the tissue surface. Laparoscopic poses were
captured at 120 frames per second (fps) using retroreflective markers in conjunction with an infrared tracking system. The
laparoscope intrinsic parameters were calculated with a checkerboard pattern using Open3D library. During acquisition,
the operator manually maneuvered the laparoscope around the tissue specimen to ensure comprehensive coverage of the
scene. Continuous laparoscopic video was recorded for approximately 2-4 minutes per trial.

2.2 Surface reconstruction framework

The overview of the tissue surface evaluation framework can be seen in Figure 1. Each frame of the recorded laparoscopic
feeds was extracted and synchronized with the positional data from optical tracking system. All the frames were sampled
down with 2 fps to decrease data redundancy and free up graphics processing unit (GPU) memory during 3D reconstruction
process. 3D reconstruction models, including DROID-SLAM, MASt3R-SLAM, and VGGT were selected for this study.
Each algorithm was executed in a Docker container on the high-performance computer equipped with six NVIDIA RTX
A6000 GPUs.
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Figure 1. Diagram of the 3D reconstruction framework with our dataset.

The sampled frames and camera intrinsic parameters were given to DROID-SLAM. Nevertheless, only the sample frames
were provided to MASt3R-SLAM and VGGT. The outputs of those models are 3D point clouds, estimated camera poses,
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and estimated depth maps. For evaluation, 3D point clouds and depth maps were evaluated qualitatively. The estimated
camera poses, and the ground truth ones were compared both qualitatively and quantitatively.

2.3 Evaluation metrics

To evaluate the camera pose estimation performance of the learning-based models, we employ the absolute trajectory error
(ATE) and relative pose error (RPE) metrics.>!? The ATE assesses the global consistency of a trajectory by comparing the
absolute positions of the estimated poses against the ground truth following alignment. ATE serves as a standard metric
for SLAM systems as it captures the cumulative error over the entire trajectory, thereby quantifying the global consistency
of the resulting map.

RPE quantifies local accuracy and drift by evaluating motion consistency over trajectory sub-segments. Unlike metrics
designed for globally consistent SLAM systems, RPE is particularly effective for assessing odometry systems, which are
inherently susceptible to drift. To compute this metric, the trajectory is partitioned into sub-sequences of fixed lengths,
i.e., 10 meters. For each segment, the estimated relative transformation is compared against the corresponding ground truth
transformation, and the resulting errors are averaged across all possible sub-sequences of the given length. All error
calculations in this study were performed using the evo package.!!

3. RESULTS
3.1 Qualitative results

Point Cloud RGB frame Depth map

Figure 2. 3D Point clouds of tissue surface, and depth maps with their corresponding RGB frames from DROID-SLAM.

Figures 2-4 illustrate the 3D point clouds and depth maps generated by each model. The point clouds were visualized using
the Open3D library, while the depth maps are presented as grayscale images, where lighter regions correspond to greater
distances from the camera. To evaluate the robustness of the frameworks, three distinct animal tissue scenes were utilized.
In terms of input requirements, MASt3R-SLAM and VGGT performed surface reconstruction using solely RGB frames,
whereas DROID-SLAM required both RGB frames and camera intrinsic parameters. Qualitatively, all algorithms provided
accurate shape and color representations across the scenes; however, VGGT yielded lower-quality surface reconstructions
in scenes 1 and 2. While the generated depth maps were generally consistent with the corresponding RGB frames, the
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point clouds and depth maps produced by DROID-SLAM and MASt3R-SLAM exhibited significantly less background
noise than those from VGGT.

Figure 5 compares the ground truth camera trajectories (gray) with the estimated trajectories (blue) generated by each
algorithm. The results indicate that the trajectories estimated by both DROID-SLAM and MASt3R-SLAM align closely
with the ground truth. In contrast, the trajectories estimated by VGGT exhibit greater deviation from the reference poses.
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Figure 3. 3D Point clouds of tissue surface, and depth maps with their corresponding RGB frames from MASt3R-SLAM.

3.2 Quantitative results

The average ATE and translational RPE between the ground truth and estimated camera trajectories were evaluated. Each
estimated camera trajectory was scaled and aligned with the ground truth one before evaluation to make sure the results
are consistent despite using different 3D reconstruction methods. The average ATE and translational RPE of each animal
tissue scene on different 3D reconstruction methods are listed in Table 1. DROID-SLAM and MASt3R-SLAM provide
robust estimated trajectories with 3-4 mm of ATE. Nevertheless, MASt3R-SLAM and VGGT have higher translational
RPE than those from DROID-SLAM.

Table 1. Quantitative results of the mean absolute trajectory error (ATE) and translational relative pose error (RPE) between
the ground truth camera poses and the estimated camera poses from DROID-SLAM, MASt3R-SLAM, and VGGT methods.

Scene 1 Scene2 Scene3
Methods
ATE (mm) Trans. RPE (mm)  ATE (mm)  Trans. RPE (mm)  ATE (mm) Trans. RPE (mm)
DROID-SLAM 4.38 £1.66 1.99 +1.06 438 £2.11 1.67 £1.05 347 +£1.70 1.39 £1.03
MAStR-SLAM  4.63+1.90 12.41 +£6.85 451 +£2.26 9.09 £5.52 3.92+1.61 7.44 +5.82
VGGT 8.72+4.20 16.10 +8.30 10.95 +4.62 9.24+5.28 10.30 +4.23 7.40 +5.38

Proc. of SPIE Vol. 13927 1392700-4



Point Cloud RGB frame Depth map

scenel

scene2

scene3

Figure 4. 3D Point clouds of tissue surface, and depth maps with their corresponding RGB frames from VGGT.
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Figure 5. Ground truth (gray) and estimated (blue) camera pose trajectories from each method in different scenes.
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4. DISCUSSION AND CONCLUSION

In this study, we evaluated three tissue surface reconstruction methods that can be used for augmented reality-guided
medical interventions. However, the majority of learning-based 3D reconstruction methods have been evaluated primarily
on public datasets designed for autonomous driving, which differ significantly from medical imaging scenarios. We
assessed three reconstruction frameworks, DROID-SLAM, MASt3R-SLAM, and VGGT, using three distinct tissue scenes
comprising multi-view 2D frames and ground truth camera trajectories acquired via an optical tracking system. We utilized
absolute trajectory error and relative pose error as quantitative metrics to evaluate the performance of each model.

The results demonstrate that the point clouds generated by all methods effectively preserved the original shape and color
of the tissue surfaces. Furthermore, the estimated depth maps for all scenes were consistent with their corresponding RGB
frames. In terms of camera tracking, trajectories estimated by DROID-SLAM and MASt3R-SLAM exhibited strong
alignment with the ground truth, whereas those from VGGT showed greater deviation. The average ATE for both DROID-
SLAM and MASt3R-SLAM was comparable and significantly lower than that of VGGT. Conversely, the translational
RPE for MASt3R-SLAM and VGGT was higher than that of DROID-SLAM. This discrepancy suggests that while these
reconstruction methods are subject to high-frequency local noise (jitter) in frame-to-frame estimation, as captured by the
higher translational RPE, these errors are predominantly zero-mean and random rather than systematic. Consequently,
local errors tend to cancel out over longer sequences, preventing significant accumulation of drift. The low ATE values
confirm that the systems maintain robust global structural consistency despite local instability.

Accurate reconstruction of tissue surfaces holds significant potential for advancing image-guided interventions. For
instance, Sun et al.'> demonstrated a novel depth estimation network and reconstruction framework capable of enhancing
surgical scene perception and providing precise surgical site information. Such 3D spatial information could facilitate
robust AR navigation and the automation of surgical tasks in robot-assisted minimally invasive surgery procedures.
Comprehensive studies are necessary to further evaluate and test these techniques in clinical settings.
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