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Abstract

Purpose. Existing models for stereo matching in Minimally-Invasive Surgery
(MIS) require calibrated stereo images. Accurate calibration is however often
unavailable intraoperatively. Training an uncalibrated stereo model is thus
attractive but challenging owing to the lack of disparity-labelled surgical images.
Methods. We leverage the wealth of non-medical stereo synthetic image
datasets. These data were however generated in ideal conditions —rectified and
with centred principal points— hence differ from real uncalibrated MIS images.
We propose camera augmentation, a new type of image augmentation that aug-
ments a dataset by altering the camera’s orientation and intrinsic parameters
via geometric parameters. We augment the idealised existing datasets, sampling
the geometric augmentation parameters from distributions estimated through an
in-depth analysis and modelling of stereo laparoscopes. This forms the Camera
Augmentation Training Strategy (CATS), with which we retrain RAFTStereo
and IGEV++ for zero-shot uncalibrated stereo matching in MIS.

Results. We evaluated using the SCARED, StereoMIS, RIS2017, and an
in-house datasets. In the uncalibrated setting on the SCARED dataset, CATS-
RAFTStereo and CATS-IGEV++ achieved End-Point-Errors (EPE) of 1.42 and
1.41 pixels. This is a successful result, as the reference pretrained models obtained
1.23 and 1.21 pixels in the calibrated setting and failed in the uncalibrated
setting.
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Conclusion. Camera augmentation bridges the gap between ideally-conditioned
datasets and the real surgical conditions of uncertain or unavailable calibration,
enabling the retraining of state-of-the-art architectures. Beyond stereo, the pro-
posed CATS is applicable to tasks sensitive to camera geometry. Code and models
will be released publicly.
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1 Introduction

Depth estimation in MIS plays a crucial role in downstream applications such as Aug-
mented Reality [1-3] and robotic surgery guidance [3]. Even if depth can be estimated
from monocular images acquired by standard laparoscopes, stereo depth estimation
benefits from strong triangulation constraints arising from left-—right image consistency.
This reduces the inaccuracies commonly occurring in monocular depth estimation
where the models heavily rely on learnt priors. The use of stereo laparoscopes has
been steadily increasing, owing to the rise of robot-assisted MIS systems.

A stereo system comprises two cameras. The stereo calibration process determines
each camera’s intrinsic parameters and the extrinsic parameters describing their rela-
tive rotation and translation. Calibrated stereo methods have standard preprocessing
steps: undistortion, rectification, and principal-point alignment (Fig. 1). Disparity esti-
mation is then performed, and the disparity mapped to metric depth. While early
works established the fundamental components [4], recent neural architectures such
as RAFTStereo [5], IGEV++ [6] and FoundationStereo [7] have shown substantially
improved performance and robustness and, importantly, generalisation across datasets.
These models require rectified images with centred principal points, which necessitate
camera calibration; as expected, their performance directly depends on the accuracy
of calibration parameters. Calibrated stereo methods specifically adapted to MIS were
proposed, including MSDESIS [8] and MCF-SMSIS [9] which jointly estimate dispar-
ity and segmentation with shared features. Beyond the medical domain, recent stereo
matching methods have demonstrated promising cross-domain generalisation [5-7]. In
practice, however, accurate calibration may not be available throughout surgery, as
the parameters may vary with zoom level, focusing and any other digital or mechan-
ical adjustments. Calibration is also impractical to perform routinely in operating
room conditions. Consequently, both the intrinsic and extrinsic parameters are often
unavailable or unreliable, making the standard stereo pipeline inapplicable. In spite of
these known practical challenges in camera calibration, uncalibrated stereo depth esti-
mation —independent of camera calibration parameters, both intrinsics and extrinsics—
remains largely unexplored in MIS. We show that, while differences in scene content
may not pose a major issue for large learning-based models, discrepancies in cam-
era settings ultimately lead to systematic failures. This issue cannot be resolved by
fine-tuning over the limited depth-labelled MIS data.

In the uncalibrated setting (Fig. 1), although the resulting disparity cannot be
mapped to metric depth, as this mapping depends on the calibration parameters, it
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Fig. 1 Left: Pipelines for calibrated (top) and uncalibrated (bottom) stereo matching. Right: dispar-
ity estimated by the IGEV++ [6] and the proposed CATS-IGEV++ models in uncalibrated setting.

can still be mapped to relative depth. Importantly, many downstream tasks in MIS
operate effectively with relative rather than metric depth (e.g. collision avoidance [10],
instrument tracking [11] and surgical simulation [12]). Augmented reality systems
compute the scale of uncalibrated reconstructions concurrently with registration, and
visual servoing controls robots effectively from uncalibrated images and reconstruc-
tions, highlighting the practical utility of relative depth. We address the problem of
uncalibrated stereo in MIS by leveraging the wealth of non-medical stereo synthetic
image datasets. A major challenge is that these data were generated in ideal condi-
tions (perfectly rectified, with centred principal point) and published without 3D scene
parameters, preventing re-rendering. To overcome these limitations, we introduce the
Camera Augmentation Training Strategy (CATS), a framework that enables robust
stereo learning under uncalibrated conditions. Concretely, our main contributions
are threefold. First, we propose camera augmentation, a framework that augments
a dataset by altering the camera’s orientation and intrinsic parameters. It does not
require knowing the camera pose or the depth; yet, it offers geometric control over the
augmented data. Second, we use camera augmentation to enhance existing idealised
non-medical datasets to simulate uncalibrated yet near-rectified stereo laparoscopes.
We sample geometric parameters from distributions derived through a detailed analy-
sis and modelling of stereo laparoscope configurations. Third, we use CATS to retrain
RAFTStereo and IGEV++ for zero-shot uncalibrated stereo matching in MIS.

2 Camera Augmentation

We introduce camera augmentation as a generalisation of conventional image aug-
mentation, in which the augmented images are generated by perturbing the camera
parameters. Unlike conventional augmentation performed by basic 2D geometric
transformations within the image plane, camera augmentation explicitly models
the geometric image-formation process. This allows the generation of new, yet
geometrically-consistent image samples, thereby enriching datasets that lack sufficient
diversity in camera orientation, focal length, principal point, or distortion.
Generating images is challenging, as it typically relies on rendering, which requires
at least the lighting, 3D scene surface, reflection function, and camera parameters. This
complex process is incompatible with the typical practical conditions in which most
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of these parameters are unavailable. In camera augmentation, we bypass this complex
procedure by simply keeping the original camera position unchanged, which nonethe-
less leaves a variety of other geometric controls, subsuming conventional augmentation.
These new controls allow the generation of images that preserve 3D-geometric con-
sistency without requiring complex parameters and computations, yet still improve
model robustness to changes in camera geometry.

We model the original camera using its intrinsic parameters K € R3*3 and its
distortion parameters @ € R¥. Choosing as 3D coordinate frame C the standard coor-
dinate frame related to this camera (origin centred on the projection centre, Z axis
coincident with the optical axis, and X,Y axes parallel to the retinal plane axes), the
camera pose is the identity rotation I and zero translation 0. We model the augmented
image camera using its intrinsics K’ € R3*3, its distortion parameters 8’ € R* and its
pose in C as the rotation R. We leave, as already stated, the translation to 0 in order
to keep the camera position unchanged.

Without distortion, for P the Euclidean coordinates of a 3D point, and P its homo-
geneous coordinates, the projections are p ~ K [I 0] P ~ KP and p ~ K’ [R 0] P~
K'RP, where ‘~’ means equality up to scale. By inverting the first projection and
substituting into the second one, we obtain the well-known homographic relationship
p’ ~ Hp, with H ~ K'RK~!. We can factor the homography as H = K, Hg where
K. = K’K~! and R represent the sought relative intrinsic and relative rotation, and
Hr = KRK!. Using the focal length ratios s, = f./f, and s, = fy/ [y, we have:

fe 0 ca , f; 0 c; sz O c;fswcw
K = 0 fy Cy |, K = 0 L ny and Krel = 0 Sy c;—sycy .
001 00 1 00 1

Therefore, K, is independent of the absolute focal lengths. Conventional image aug-
mentations, including random rotation, scaling, and translation within the image
plane, can be interpreted as special cases of the proposed camera augmentation.

We now add lens distortion, for which we define the generic distortion and
undistortion functiond Dk ¢(-) and Dﬁ’le(). These functions depend on the intrinsic
parameters in K and the distortion coefficients 8, which typically model radial and tan-
gential distortions. For the perspective function II([q1,¢2,¢3] ") = [¢1/43,q2/q3] " and
the homogenisation function I'([q1, ¢2] 7)) = [q1, g2, 1] T, the complete transformation is:

p' ~ Dk o (H (KrelHRF (D}_(}o (P)))) . (1)

In performing camera augmentation, K., R and 8’ are drawn from probabilistic dis-
tributions that model realistic variations in camera parameters in the target domain.
These distributions act as a bridge between the known camera configuration in the
available dataset and the perturbed configuration in the augmented setup, allow-
ing camera augmentation to be performed without re-rendering. The use with stereo
laparoscopes is discussed in the next sections, where we measure that lens distortion
is negligible for the public datasets at hand. We thus use the following distortion-free
simplification of Eq. 1:

p' ~ K, Hgrp. (2)
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Fig. 2 Left: Vergence—accommodation conflict (VAC); In natural viewing, vergence and accommo-
dation coincide (top). In stereo displays, vergence targets the virtual object while accommodation
stays on the display plane (bottom). Middle: Combined effects of binocular rivalry and ver-
gence—accommodation conflict, highlighting the range where both are minimised. Right: CCD position
adjustment mechanism in a stereo laparoscope bringing the virtual image into the visual comfort zone.

3 Perception and the Design of Stereo Laparoscopes

We analyse the perceptual constraints and the design of stereo laparoscopes. This
establishes a basis for modelling variations in intrinsic and extrinsic parameters.
The design choices of stereo laparoscopes given below are general and may not be
universally followed by all manufacturers.

Overview

Depth perception in humans may be enabled by displaying stereo images, should some
perceptual constraints be satisfied. A stereo laparoscope is a dual-channel imaging
system that captures synchronised image pairs for such displays. Its base components,
shown in Fig. 2, are two parallel optical pathways with relay lenses, fibre-based illumi-
nation, and twin sensors. The sensors are factory-calibrated to provide left and right
views for depth perception via a binocular eyepiece or 3D display. The surgeon’s visual
discomfort, including fatigue and eye strain, and quality of depth perception, directly
depend on the extent to which the stereo imaging pipeline’s design satisfies the per-
ceptual constraints [13]. These constraints and design choices can be gathered in two
groups, which we describe next, along with an experimental verification.

Geometric Alignment

Depth perception requires precise alignment of the left and right images. In an ideal
stereo configuration, correspondences exhibit purely horizontal displacements. In com-
puter vision, this alignment is also referred to as rectified images, whose epipolar
lines are horizontal. The careful design and factory-based placement adjustment of the
imaging lenses and sensors allow modern stereoscopic laparoscopes to produce near-
rectified image pairs. We quantified the residual misalignment experimentally from
the camera parameters given in the public datasets SCARED [14], StereoMIS [15]
and RIS2017 [16], which were acquired using da Vinci systems. We used the extrin-
sic parameters to estimate three rotations around each camera’s optical centre. These
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Fig. 3 Geometry of stereo camera pairs in unrectified (left), rectified (middle), and principal-point
aligned (right) configurations.The principal point shift and scan-line misalignment are intentionally
exaggerated for visualisation purposes. In practice, the applied perturbations are much smaller and
preserve sufficient overlap between the two views.

rotations are computed relative to the stereo coordinate system shown in Fig. 3,
defined with the X-axis aligned with the baseline and taken as minimal relatively to
the left camera. Statistics -mean and standard deviation- for the sampled angles are
given in Table 1. Their concentration around zero, all being much lower than 1 degree,
and similarity across datasets indicate that different laparoscopes share a comparable
small deviation from the rectified design. As indicated by the small Y-axis rotations
in Table 1, the display planes follow a planar design without toeing-in. We used the
intrinsic parameters to quantify lens distortion, which is known to impair rectification.
We measured a residual distortion consistently below half a pixel; given the image res-
olution of 1280 x 1024, this confirms a near distortion-free design. Lastly, the principal
point for both cameras must be aligned; this is discussed below.

Vergence-Accommodation Conflict and Binocular Rivalry

Vergence rotates the eyes to enable single vision, while accommodation adjusts focus.
In natural conditions, both occur at the same distance. In stereoscopic displays how-
ever, VAC arises from vergence targetting the virtual object while accommodation
remains fixed on the display plane. Binocular rivalry occurs when the left and right
images contain inconsistent information, often due to asymmetric fields of view. Its
extent increases as the virtual object approaches the viewer. Fig. 2 shows a depth range
where the effects of both VAC and binocular rivalry are minimised. Virtual anatom-
ical structures are typically rendered slightly in front of or behind the display plane
to optimise depth perception and comfort. The way these two perceptual constraints
are coped with in stereo laparoscopes is by shifting the sensors during manufacturer
calibration, as documented in patented systems [17-19]. This shift is chosen to place
maximal comfort at the typical surgical depth of 5 cm. In terms of the camera parame-
ters, the effect is to offset the principal points horizontally away from the image centre.
This creates a camera-induced domain gap between stereo laparoscope images and
conventional stereo images, where principal points are centred. A direct effect is that
the stereo disparity may be positive and negative. In contrast, state-of-the-art stereo
matching methods are typically trained on datasets with only positive disparities, such
as SceneFlow [20] and FSD [7], whereas real laparoscopic datasets like SCARED [14]
contain both positive and negative disparities. Fig. 4 illustrates this gap.



Table 1 Statistics on camera pose deviations from the ideal rectified configuration for the left (top
row) and right (bottom row) cameras, for the three Euler rotation angles, in degrees.

Rl‘Zs Rl2s RLQS R'r2s Rr2s RTQS
x Y z x y z
o o o o o o " o % o o o
SCARED 0.0000 0.0001 -0.0325 0.0129 0.0904 0.3597 -0.0014 0.0053 0.0013 0.0266 0.0910 0.3602
StereoMIS -0.0006 0.0006 0.3673 0.0032 -0.1907 0.1812 -0.0020 0.0008 0.3799 0.0187 -0.1887 0.1809
RIS2017 -0.0004 0.0014 -0.3386 0.1652 0.2637 0.4680 0.0002 0.0076 -0.2744 0.1640 0.2639 0.4681

SCARED-+StMIS -0.0001 0.0004 0.0564 0.1666 0.0280 0.3487 -0.0016 0.0047 0.0854 0.1594 0.0289 0.3489

Histogram of disparity values in SCARED Histogram of disparity values in SceneFlow Histogram of disparity values in FSD
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Fig. 4 Disparity distributions (in px) for the SCARED, SceneFlow, and FSD datasets.

o

4 Camera Augmentation in Stereo Laparoscopes

In classical stereo vision, disparity is defined for rectified image pairs. Surgical
laparoscopes produce near-rectified images, as described in Section 3, where vertical
displacements are small and horizontal displacements can be used as estimates for dis-
parity. Disparity is related to depth through d = £ + (c& — ¢f*), where f is the focal
length, b is the baseline, and c& and cff are the x-coordinates of the left and right
principal points. This relationship shows that depth in uncalibrated settings is only
available relatively, up to an unknown scale and shift.

We use camera augmentation from Section 2 to address uncalibrated stereo
matching in MIS. The proposed method, termed Camera-Augmentation Training
Strategy (CATS), is used to retrain existing stereo matching architectures on camera-
augmented datasets that simulate realistic imaging imperfections. We retrained
RAFTStereo and IGEV++ using the original training protocol, hyperparameters, and
datasets, with as sole modification the use of CATS. Both models are trained on the
SceneFlow dataset [20], which contains over 39K stereo pairs with a resolution of
960x 540 pixels, rendered from a wide range of 3D scenes. The SceneFlow dataset uses
ideal stereo camera geometry, including perfect rectification, centred principal points,
and the absence of lens distortion, differing markedly from the real MIS conditions.

We use the analysis of MIS stereo camera imperfections from Section 3 (deviations
in rectification and principal point misalignment), to generate camera augmentations.
This augmentation strategy encourages the network to learn a stereo matching process
adapted to uncalibrated MIS images. Concretely, for each of the left and right cameras,
we sample three Euler angles, ¢, 6, and 1, from Gaussian distributions reflecting the
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measured perturbation statistics, shown in Table 1:

Pc ~ N(Mc,aﬁa Ug,¢)7 fc ~ N(MC,Oa 03,9)’ e ~ N(Mc,wa Ug,w)v c € {left, right}.( )
3
The rotation matrix R is constructed from the Euler angles (¢, 6, ¢) following the Z, Y,
X (yaw-pitch-roll) convention as R. = R (¢) Ry(0.) Rz (¢¢), ¢ € {left, right}. The
corresponding homography induced by the rotational perturbation for each camera is
computed as:

Hr.=KR.K™', Vee {left,right}, (4)
where K is the intrinsic calibration matrix from the original dataset. We then sample
K, for the left and right cameras. Since random scaling is already included in the
standard data augmentation pipelines of the reference methods, additional variation
in scaling factors, s, and s,, would be redundant, and we use s, = s, = 1 for both
cameras. Furthermore, based on observations from Section 3, we use c; = ¢, for both
cameras, as the vertical principal point displacement was found to be negligible. The
dominant parameter affecting K, is the horizontal offset between the principal points
of the left and right cameras. Accordingly, we set c;’left = Cg,lefs and sample the right
camera offset, Azyighy = c‘fp’right — Cz right from a uniform distribution estimated from
the empirical distribution given in Fig. 4 as Azyignt ~ U(—100,0). The uniform dis-
tribution is a pragmatic choice ensuring coverage of the observed empirical range and
keeping the sampling simple. The use of non-parametric distributions would greatly
increase complexity. This distribution strikes a balance between positive and negative
disparities during training, improving robustness across varying stereo configurations.
We arrive at the following sampled relative intrinsic matrices:

100 10 Azrigns
Kiellert = {0 1 0} and Kl right = {0 1 0 } .
001 00

5
; (5)
Finally, according to observations from Section 3, the effects of lens distortion are
negligible within the analysed MIS datasets; hence, distortion is omitted in CATS.
Importantly, we apply the same homography as for the left image to the disparity
ground truth and then adjust all disparity values by adding Axyight.

5 Experiments and Results

Reference models. We selected three stereo matching models representing the SoTA:
RAFTStereo [5], IGEV++ [6], and FoundationStereo [7] (we used the best performing
version for general use, based on ViT-Large), which we used as released, without addi-
tional training or fine-tuning. These architectures represent the leading advances in
general-purpose stereo matching, independently of our extending them to uncalibrated
MIS. For comparison with models specifically designed for MIS, we included MSDE-
SIS [8] and MCF-SMSIS [9], representing the SoTA in MIS stereo matching. We used
RAFT [21] as a representative optical flow method, taking the vertical component of
the predicted optical flow as an estimate of disparity. Finally, we used DUSt3R [22]
as a representative general multi-view reconstruction method.



Table 2 Uncalibrated scenario evaluation over original images from the SCARED dataset.

Depth values are computed from predicted disparity using static calibration parameters for

reference only. In the DUSt3R method, the calibration parameters are used to find disparity
values from the predicted depth.

Disparity metrics (px) Depth metrics (mm)

EPE| Bad30, MAE] RMSE | AbsRel | 80.25 1
RAFTStereo 244.37 80.08 43.95 48.69 0.55 0.23
IGEV++ 186.49 79.79 39.75 46.03 0.49 0.24
FoundationStereo 331.41 83.60 48.50 52.05 0.62 0.20
MSDESIS 88.25 99.96 38.06 40.42 0.53 0.001
MCF-SMSIS 119.01 97.78 43.38 46.51 0.59 0.03
DUSt3R (GT calib.) 67.81 100 232.78  233.30 4.17 0.00
DUSt3R (DUSt3R calib.)  687.97 100 232.78  233.30 4.17 0.00
RAFT 3.00 27.79 2.85 4.98 0.039 0.81
CATS-RAFTStereo 1.42 6.36 1.33 2.25 0.01 0.97
CATS-IGEV++ 1.41 6.32 1.33 2.31 0.01 0.97

CATS models. We retrained RAFTStereo and IGEV++ using the proposed CATS,
yielding the CATS-RAFTStereco and CATS-IGEV+4 models. We did not retrain
FoundationStereo as its training code is not yet publicly available; however CATS
would be fully compatible with its pipeline since it operates purely at the data level.
Experimental setup. We evaluated quantitatively on the SCARED dataset and
qualitatively on the SCARED, StereoMIS and an in-house datasets. The in-
house dataset was collected from hepatectomy procedures with ethical approval
TRB00008526-2019-CE58 issued by CPP Sud-Est VI in Clermont-Ferrand, France. In
quantitative evaluation, we used keyframes of the SCARED dataset, excluding video
sequences that exhibit inconsistencies between the visual data and the kinematic
ground truth [14]. In addition, we excluded datasets 4 and 5, as they are explicitly
reported in the SCARED paper to contain errors [14]. In the calibrated scenario, we
used the available intrinsic and extrinsic parameters to rectify the stereo pairs and
centre the principal points before applying the stereo matching models. In the uncal-
ibrated scenario, we applied stereo matching directly on the original stereo image
pairs. We evaluated quantitatively using the End-Point Error (EPE) and Bad-3.0 as
disparity metrics, and MAE, RMSE, AbsRel, and d¢.25 as depth metrics [23].

Results. Quantitative results for the uncalibrated and calibrated scenarios are given
in Tables 2 and 3. Several key observations can be made. First, as shown in Table 2,
all reference and MIS-specific models exhibit systematic failures in the uncalibrated
setting, with large disparity and depth errors. RAFTStereo, IGEV++, and Founda-
tionStereo yield EPEs exceeding 180 pixels, and MIS-specific models, MSDESIS and
MCF-SMSIS, perform only marginally better with EPEs of 88.25 pixels and 119.01 pix-
els, respectively, still considered failures. DUSt3R exhibits an EPE of 67.81 pixels when
using the camera parameters provided by the dataset, and 687.97 pixels when using its
own estimated parameters, both of which are far from acceptable. RAFT achieves a
substantially lower EPE of 3.00 pixels, which is nonetheless more than twice as large as
the CATS methods. The depth metrics confirm the failures, with the lowest MAE value

369
370
371
372
373
374
375
376
377
378
379
380
381
382
383
384
385
386
387
388
389
390
391
392
393
394
395
396
397
398
399
400
401
402
403
404
405
406
407
408
409
410
411
412
413
414



415
416
417
418
419
420
421
422
423
424
425
426
427
428
429
430
431
432
433
434
435
436
437
438
439
440
441
442
443
444
445
446
447
448
449
450
451
452
453
454
455
456
457
458
459
460

Left image GT CATS-IGEV++  CATS-RAFTStereo FoundationStereo IGEV++ RAFT-Stereo MSDESIS MCF-SMSIS

Uncalibrated

Not
Available

Uncalibrated

Not
Available

— StereoMIS _"— SCARED —
Calibrated

Calibrated

Fig. 5 Qualitative model comparison in the uncalibrated and calibrated scenarios on samples from
the SCARED and StereoMIS datasets.

at 38 mm, indicating poor geometric consistency. Second, the CATS-trained models
perform successfully on the same uncalibrated scenario, achieving EPEs of 1.42 pix-
els for CATS-RAFTStereo and 1.41 pixels for CATS-IGEV++. Depth metrics further
confirm this improvement with an MAE of about 1.33 mm and an AbsRel of about
0.01, demonstrating that CATS successfully enables reliable stereo matching directly
from uncalibrated MIS stereo pairs. Third, the performance of CATS-trained mod-
els in the uncalibrated scenario (EPEs of 1.42 and 1.41 pixels for CATS-RAFTStereo
and CATS-IGEV++), when compared to the best-performing method in the cali-
brated setting in Table 3 (EPE of 1.17 pixels for FoundationStereo), underscores the
effectiveness of CATS. Remarkably, CATS-trained models achieve nearly equivalent
performance despite the absence of camera calibration. Fourth, under the calibrated
setting, the same models achieve comparable performance. CATS-RAFTStereo and
CATS-IGEV++ reach EPEs of 1.23 and 1.21 pixels, which are on par with their refer-
ence counterparts, with RAFTStereo at 1.21 pixels and IGEV++ at 1.23 pixels. This
shows that CATS does not compromise performance when calibration is available.
Fifth, in the calibrated scenario, CATS-RAFTStereo and CATS-IGEV++ perform
nearly as well as FoundationStereo, the best-performing model, with EPEs marginally
higher by 0.04 and 0.06 pixels.

Qualitative results in Fig. 5 and 6 illustrate these findings. In the uncalibrated sce-
nario, reference and MIS-specific models produced distorted and inconsistent disparity
maps, whereas the proposed CATS models successfully recovered fine structural details
and coherent patterns. In the calibrated scenario, all models performed well, including
the CATS variants, confirming that CATS remains fully compatible with calibrated
conditions and does not degrade performance. Furthermore, the CATS models demon-
strated consistent performance across all tested datasets acquired with different da
Vinci system models, highlighting their generalisability. Beyond its strong performance
on the three public datasets collected on animal models, CATS produced high-quality,
structurally coherent disparity maps on the in-house data of human hepatectomy
procedures. This demonstrates the method’s robustness and translational poten-
tial, supporting its use in real-world clinical applications such as computer-assisted
interventions and intraoperative guidance.

10



Table 3 Calibrated scenario evaluation on undistorted, rectified, and principal
point—aligned images from the SCARED dataset.

Disparity metrics (px) Depth metrics (mm)

EPE | Bad 3.0 | MAE | RMSE | AbsRel | 6§o.25 T
RAFTStereo 1.21 5.67 1.01 2.32 0.014 0.979
IGEV++ 1.23 5.56 1.03 2.43 0.015 0.980
FoundationStereo 1.17 5.10 0.97 2.30 0.014 0.981
MSDESIS 1.71 9.71 1.39 2.91 0.0200 0.946
MCF-SMSIS 2.08 11.24 1.49 3.16 0.022 0.939
DUSt3R (GT calib.) 71.82 100 231.10 231.64 4.08 0.00
DUSt3R (DUSt3R calib.) 81.63 100 231.10 231.64 4.08 0.00
RAFT 3.68 26.39 2.86 5.60 0.039 0.83
CATS-RAFTStereo 1.23 5.80 1.07 2.59 0.016 0.978
CATS-IGEV++ 1.21 5.52 1.01 2.37 0.015 0.980

6 Conclusions

Camera augmentation bridges the gap between ideally conditioned synthetic datasets
and the real surgical conditions where calibration is uncertain or unavailable. By intro-
ducing controlled geometric perturbations of camera parameters during training, it
enables the adaptation of large-scale stereo matching models to the specific challenges
and conditions of MIS. The proposed CATS demonstrates that robust and accurate
stereo matching can be achieved even in the absence of calibration, while maintaining
competitive performance when calibration is available. This capability stems from the
in-depth analysis and modelling of stereo laparoscopes, allowing CATS to be rigorously
tailored to the specific geometric variability encountered in surgical imaging. Beyond
stereo matching, the concept of camera-aware image augmentation opens new per-
spectives for a broad range of computer vision tasks sensitive to camera geometry. By
decoupling model performance from calibration constraints, this approach promotes
the development of deep models that are more flexible, generalisable, and clinically
deployable. As a direction for future work, we plan to test the CATS framework on a
larger set of stereo surgical cameras, and to incorporate optical distortion models.
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