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Abstract. Stereo endoscopy provides metric depth through binocular
geometry and is an important sensing modality for robot-assisted mini-
mally invasive surgery. However, surgical stereo matching remains chal-
lenging due to narrow baselines, textureless tissue, specular reflections,
non-Lambertian appearance, and instrument occlusion. Meanwhile, stereo
matching has rapidly advanced with monocular depth priors, large-scale
pretraining, and foundation stereo models, yet their effectiveness in sur-
gical scenes has not been systematically compared under a unified pro-
tocol. In this work, we introduce StereoSurg, a benchmark of recent
stereo depth estimation methods, including IGEV++4, MonSter, Mon-
Ster++, S>M?2, FoundationStereo, Fast-FoundationStereo, BridgeDepth,
and StereoMamba. We use SCARED as the quantitative benchmark and
evaluate disparity accuracy using EPE, D1, Bad-k metrics, and metric-
depth error. We further compare computational cost in terms of model
size, inference speed, and GPU memory, and qualitatively evaluate chal-
lenging in-vivo scenes from Hamlyn and StereoMIS. Under our unified
protocol, FoundationStereo achieves the best EPE at 2.659 px and the
lowest Badl and Bad3 rates, while BridgeDepth achieves the best D1
at 20.63%. StereoMamba reports a slightly lower EPE of 2.64 px and
the best Bad2 at 41.49% under its SCARED fine-tuning protocol. Fast-
FoundationStereo performs best on Dataset 8 with a mean depth error of
2.83 mm, whereas S>M? performs best on Dataset 9 with 1.95 mm. Fast-
FoundationStereo also achieves 28.02 FPS with 1.08 GB GPU memory.
Qualitative comparisons reveal additional failure modes around specular-
ities, weak texture, surgical instruments, and degraded regions. Overall,
the benchmark highlights the trade-offs between accuracy, in-vivo ro-
bustness, and computational efficiency in surgical stereo estimation.
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1 Introduction

Accurate depth perception is fundamental to robot-assisted minimally invasive
surgery, supporting surgical navigation [12], instrument localization [19, 28], 3D
reconstruction [6, 7,9, 22], tissue motion analysis [8, 10, 25], and increasingly
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autonomous manipulation [11,29]. Stereo endoscopy is particularly attractive
because binocular correspondence provides metric depth from image observa-
tions and camera calibration, avoiding the scale ambiguity of monocular es-
timation. Early surgical vision systems therefore explored stereo reconstruc-
tion for intraoperative 3D perception and tissue tracking [15,20]. With the
rapid development of deep stereo matching, recent learning-based methods have
achieved substantial progress in disparity estimation on general-domain bench-
marks [1-4,16,23,24,27]. This raises an important question: how well do these
advances transfer to surgical scenes?

Answering this question is challenging because surgical stereo images differ
substantially from the natural-image domains on which most stereo networks are
developed. Endoscopic images often contain textureless tissue regions, weak and
spatially varying disparities due to short stereo baselines, specular reflections,
non-uniform illumination, repetitive anatomical structures, and frequent instru-
ment occlusions. Tissue deformation and instrument motion further introduce
appearance changes across views and time, making reliable correspondence par-
ticularly difficult. Thus, strong performance on conventional stereo benchmarks
does not necessarily translate into reliable depth in surgical environments.

Meanwhile, stereo matching has evolved rapidly from conventional cost-volume
and recurrent architectures [26,27] to monocular-guided [1,2], scalable [16], and
foundation stereo models [4,23,24]. These models introduce increasingly strong
monocular priors and large-scale pretraining, offering substantially broader gen-
eralization than earlier stereo networks. However, their performance, efficiency,
and robustness in surgical scenes have not been systematically characterized
under a common evaluation protocol. Existing surgical stereo studies typically
focus on individual architectures or limited benchmark settings [14,21], leaving
the behavior of recent general-purpose stereo models in surgery largely unclear.

In this work, we introduce StereoSurg, a systematic benchmark study of re-
cent stereo depth estimation in surgical scenes. We evaluate seven recent stereo
estimators, including IGEV++ [27], MonSter [2], MonSter++ [1], S2M? [16],
FoundationStereo [24], Fast-FoundationStereo [23], and BridgeDepth [4], under
a unified evaluation protocol, and include StereoMamba [21] as an external sur-
gical reference. We examine four aspects of surgical stereo perception: dispar-
ity accuracy, metric-depth accuracy, computational efficiency, and qualitative
robustness under challenging in-vivo conditions. In addition, we analyze per-
formance across individual SCARED test datasets and keyframes to examine
whether aggregate metrics consistently reflect model behavior.

Our experiments reveal several findings. First, modern stereo models transfer
effectively to surgical imagery: among the methods evaluated under our unified
protocol, FoundationStereo achieves the best EPE of 2.659 px and the low-
est Badl and Bad3 rates, while BridgeDepth obtains the best D1 of 20.63%.
StereoMamba reports a slightly lower EPE of 2.64 px and the best Bad2 rate
of 41.49% under its SCARED fine-tuning protocol. Second, metric-depth per-
formance varies across the two SCARED test datasets: Fast-FoundationStereo
performs best on Dataset 8 with a mean depth error of 2.83 mm, whereas S2M?
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performs best on Dataset 9 with 1.95 mm. Fast-FoundationStereo also achieves
28.02 FPS with 1.08 GB GPU memory. These results reveal a gap between
benchmark-level geometric accuracy and reliable behavior under challenging sur-
gical conditions, motivating evaluation protocols that jointly consider accuracy,
robustness, and computational efficiency.

Our contributions are summarized as follows:

— We establish a unified benchmark for evaluating seven recent stereo depth
estimation methods in surgical scenes, covering recurrent, monocular-guided,
scalable, and foundation stereo architectures.

— We provide an extensive and consistent evaluation using quantitative dis-
parity and metric-depth metrics on SCARED, together with qualitative as-
sessment of challenging in-vivo scenes from Hamlyn and StereoMIS.

— We systematically analyze the accuracy—efficiency trade-offs and sequence-
dependent performance of stereo models.

— We identify representative failure modes around weak texture, speculari-
ties, surgical instruments, and degraded image regions, providing practical
insights for surgical stereo perception.

2 Benchmark Setup

2.1 Surgical Stereo Datasets

We evaluate three complementary surgical stereo datasets, using SCARED for
quantitative evaluation and Hamlyn and StereoMIS for qualitative assessment
of in-vivo robustness.

SCARED. The SCARED dataset [13] provides calibrated stereo endoscopic
sequences acquired with a da Vinci Xi system and dense metric depth from
structured-light scanning. We use its standard test split for quantitative evalu-
ation with EPE, D1, Bad-k, and metric-depth error.

Hamlyn. The Hamlyn Dataset [17, 18, 20] contains diverse in-vivo surgical
videos with challenging conditions such as tissue deformation, specular reflec-
tions, smoke, and instrument occlusion. We use representative stereo frames for
qualitative evaluation, as reliable dense depth ground truth is unavailable for
the selected sequences.

StereoMIS. StereoMIS [14] provides in-vivo stereo videos from robotic porcine
procedures, including breathing motion, tool motion, and non-rigid tissue de-
formation. Without dense metric depth ground truth, we use it for qualitative
comparison of disparity structure and robustness in dynamic surgical scenes.

2.2 Compared Methods

We compare representative recent stereo matching methods covering iterative
refinement, scalable stereo architectures, monocular-guided stereo estimation,
and foundation-model-based stereo matching. IGEV++ [27] represents a strong
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geometry-aware iterative refinement architecture, while S>M? [16] adopts a scal-
able multi-scale design for reliable disparity estimation. MonSter [2] and Mon-
Ster—++ [1] represent recent monocular-guided stereo models that leverage monoc-
ular depth priors to initialize stereo disparity and improve matching gener-
alization. FoundationStereo [24] and Fast-FoundationStereo [23] represent re-
cent foundation stereo models designed for zero-shot generalization, while Fast-
FoundationStereo tailored for efficient inference. Finally, BridgeDepth [4] is in-
cluded as a recent stereo framework that aligns monocular depth priors and neu-
ral MRF [5] stereo representation in latent space. All methods are evaluated us-
ing their released implementations and pretrained models under the same input
resolution and evaluation protocol. For methods supporting different inference
configurations, we use the recommended default configuration unless otherwise
specified. We additionally report the SCARED results of StereoMamba [21] as
an external reference. Its results are taken from the original paper and marked
with T, since the reported model is fine-tuned on SCARED.

2.3 Evaluation Metrics

We quantitatively evaluate stereo depth estimation only on SCARED, where
reliable dense depth ground truth is available. Given a predicted disparity map
d and calibrated stereo parameters with focal length f and baseline B, metric
depth is recovered as Z = %. For disparity accuracy, we report end-point error
(EPE), D1 error, and Bad-k rates. EPE measures the mean absolute disparity
error in pixels. D1 reports the percentage of pixels whose absolute disparity
error is larger than 3 pixels and exceeds 5% of the ground-truth disparity. Bad-
k denotes the percentage of pixels with absolute disparity error larger than k
pixels. Lower values indicate better performance.

For metric-depth accuracy, we report the mean absolute depth error (MAE)
in millimeters following [13]: MAE = ﬁ > pea|Z(p) — Z*(p)|, where Z* denotes
the reference depth and {2 is the set of valid evaluation pixels.

For practical deployment, we additionally report the number of model pa-
rameters, inference speed in frames per second (FPS), and peak GPU memory
consumption under a unified inference configuration. We further highlight the
table cell to show red, orange, and yellow, indicating the best, second-best, and
third-best results, respectively.

3 Experimental Results

3.1 Implementation Details

All experiments are conducted on NVIDIA GeForce RTX 4090 D. The input im-
age resolutions are 1178x1014, 1280x1024, 640x480 for SCARED, StereoMIS,
and Hamlyn, respectively. Stereo pairs are rectified before disparity estimation,
and predicted disparities are converted to metric depth using the provided cali-
bration parameters. Unless otherwise stated, the same validity masks and depth
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Ground Truth Bridgedepth  FoundationStereo ~ IGEV++ Monster++ S2Mm2

Fig. 1. Qualitative comparison of stereo depth on SCARED [13].

range are applied to all methods. Runtime is measured on the same GPU with
batch size one.

3.2 Comparison on SCARED

Quantitative Results. Table 1 presents the quantitative comparison on SCARED.
FoundationStereo achieves the best EPE of 2.659 pixels and the lowest Badl and
Bad3 error rates, while BridgeDepth achieves the lowest D1 error of 20.63%.
MonSter++ remains competitive with an EPE of 2.698 pixels and a D1 error of
20.77%, whereas Fast-FoundationStereo obtains 2.763 pixels and 21.33%, respec-
tively. StereoMamba reports a slightly lower EPE of 2.64 pixels and the lowest
Bad2 error of 41.49% among the reported results, but its result is obtained under
an SCARED fine-tuning protocol. These results indicate that recent stereo mod-
els transfer effectively to surgical imagery, while their relative performance de-
pends on the evaluation metric. FoundationStereo provides the strongest overall
performance among the methods evaluated under our unified protocol, whereas
BridgeDepth minimizes D1 error. The StereoMamba result further highlights the
competitiveness of surgical-domain fine-tuning.

We further evaluate metric-depth accuracy on the two SCARED test datasets
(Dataset 8 and Dataset 9) following [13]. Following the original SCARED chal-
lenge protocol [13], we report the mean absolute depth error (MAE) for five
representative keyframes, with the final column giving their average. We also in-
clude the best challenge-period result for each dataset as the Challenge Baseline:
J. C. Rosenthal for Dataset 8 and Trevor Zeffiro for Dataset 9 [13].

As shown in Table 2, recent models substantially improve over the challenge
baselines. Fast-FoundationStereo achieves the lowest mean error on Dataset 8
(2.83 mm), while S>M? performs best on Dataset 9 (1.95 mm). FoundationStereo
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Table 1. Quantitative comparison on our unified surgical stereo benchmark.
T denotes results reported from StereoMamba [21], which is fine-tuned on the SCARED
surgical dataset. Metrics not reported in the original paper are denoted by ‘.

Method EPE (px)] D1 (%)l Badl (%)l Bad2 (%), Bad3 (%)l
IGEV++ [27] 2.710 21.13 65.90 42.43 27.42
MonSter [2] 2.850 21.43 67.89 43.89 28.13
MonSter++ [1] 2.698 20.77 66.51 42.75 27.19
FoundationStereo [24] 2.659 20.72 65.46 41.97 26.84
Fast-FoundationStereo [23] 2.763 21.33 65.98 42.79 27.80
S2M?2 [16] 2.919 22.74 67.04 43.96 28.94
BridgeDepth [4] 2.689 20.63 66.78 42.68 27.09
StereoMamba' [21] 2.640 - - 41.49 26.99

Table 2. Mean absolute depth error (mm) on the SCARED test datasets.
denotes results reported from StereoMamba [21], which is fine-tuned on the SCARED
surgical dataset.

Dataset Method Keyframe 0 Keyframe 1Keyframe 2 Keyframe 3 Keyframe 4 Avg
Challenge Baseline [13] 8.25 3.36 2.21 3.44 1.33 3.72
IGEV++ [27] 8.28 2.47 1.53 1.70 0.50 2.90
MonSter [2] 8.06 2.29 1.58 3.73 0.65 3.26
MonSter++ [1] 7.83 2.27 1.58 3.66 0.50 3.17

Dataset 8 FoundationStereo [24] 7.98 2.35 1.55 3.69 0.44 3.20
Fast-FoundationStereo [23] 7.98 2.35 1.57 1.78 0.46 2.83
S2M? [16] 8.02 2.30 1.85 3.49 0.47 3.23
BridgeDepth [4] 7.85 2.21 1.54 3.66 0.57 3.17
StereoMamba’ [21] 8.57 2.61 1.46 2.03 0.77 3.09
Challenge Baseline [13] 5.39 1.67 4.34 3.18 2.79 3.47
IGEV++ [27] 3.95 0.97 3.08 1.61 0.35 1.99
MonSter [2] 3.99 0.99 2.97 1.63 0.56 2.03
MonSter++ [1] 4.08 1.01 2.88 1.60 0.45 2.00

Dataset 9 FoundationStereo [24] 4.00 0.95 3.04 1.57 0.33 1.98
Fast-FoundationStereo [23] 4.04 0.99 3.07 1.61 0.38 2.02
S2M? [16] 3.99 0.94 2.79 1.58 0.44 1.95
BridgeDepth [4] 3.93 0.95 2.95 1.59 0.52 1.99
StereoMamba’ [21] 4.19 0.92 3.07 1.46 0.41 2.01

and BridgeDepth follow closely on Dataset 9 with 1.98 mm and 1.99 mm, respec-
tively. StereoMamba reports 3.09 mm and 2.01 mm on Dataset 8 and Dataset 9,
which shows competitive performance but does not outperform the best directly
evaluated model on either test dataset. The change in ranking between the two
datasets indicates that metric-depth performance remains sequence-dependent.

Qualitative Results. Figure 1 provides a qualitative comparison on SCARED,
showing that these methods recover the dominant anatomical surfaces and ma-
jor depth transitions, consistent with their strong quantitative performance. The
predictions are largely similar on the broad tissue regions, while smaller differ-
ences appear around depth boundaries and fine anatomical structures. Founda-
tionStereo and BridgeDepth produce visually smooth surfaces that closely follow
the reference geometry, whereas IGEV++, MonSter++, and S?M? show slightly
more local variation in some regions. Overall, the qualitative comparison con-
firms that the numerical differences in Table 1 correspond primarily to subtle
local errors rather than large failures on the SCARED scenes.
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Fig. 2. Qualitative comparison of stereo depth on StereoMIS and Hamlyn.

3.3 Qualitative Generalization to In-Vivo Scenes

We further evaluate the models on challenging in-vivo scenes from StereoMIS
and Hamlyn, where reliable dense metric-depth ground truth is unavailable.
Figure 2 shows that most models recover the dominant anatomical surfaces, but
their predictions differ substantially in challenging regions.

On StereoMIS, BridgeDepth, FoundationStereo, and Fast-FoundationStereo
generally produce smooth and spatially coherent depth on large tissue surfaces,
while IGEV++ and S2M? exhibit more local variation in some regions. Around
tissue boundaries and foreground structures, the models also differ in boundary
sharpness and the amount of depth bleeding. These differences are particularly
visible around the curved organ surfaces and instrument regions.

The Hamlyn examples reveal additional challenges caused by strong specu-
larities, blood, weak texture, and surgical instruments. Most methods recover
the coarse tissue geometry, but some predictions contain local artifacts or exces-
sive smoothing near reflective and thin structures. S?M? in particular exhibits
visibly noisy responses in some degraded regions, whereas the foundation and
monocular-guided models tend to produce smoother depth surfaces. These ob-
servations indicate that strong quantitative performance on SCARED does not
necessarily translate into reliable geometry across diverse in-vivo conditions.

3.4 Efficiency Comparison

Table 3 compares computational efficiency at 640 x 480 resolution, reporting
number of parameters, inference speed, and peak GPU memory consumption.
Fast-FoundationStereo achieves the highest throughput (28.02 FPS) and lowest
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Table 3. Efficiency comparison on Hamlyn in 640x480 resolution. We report
the number of parameters, inference speed, and peak GPU memory consumption.

Method Params (M)| Speed (FPS)t GPU (GB)/|
IGEV++ [27] 14.56 4.79 4.64
MonSter [2] 388.7 3.52 9.52
MonSter++ [1] 388.7 3.58 7.55
S2M? [16] 406.5 7.96 6.23
FoundationStereo [24] 374.5 2.78 6.14
Fast-FoundationStereo [23] 16.87 28.02 1.08
BridgeDepth [4] 359.9 14.29 5.68

BridgeDepth RGB $2m2

RGB FoundationStereo

Fig. 3. Failure case visualization for FoundationStereo, BridgeDepth, and S2M?2.

GPU memory consumption (1.08 GB), while IGEV++ has the fewest parame-
ters (14.56M). BridgeDepth reaches 14.29 FPS with 5.68 GB memory, providing
substantially higher throughput than the other high-capacity models. Overall,
the results reveal a clear accuracy—efficiency trade-off: Fast-FoundationStereo
provides the strongest efficiency profile, while BridgeDepth offers a favorable
balance between accuracy and computational cost.

3.5 Failure Analysis and Discussion

As shown in Fig. 3, we visualize the representative failure cases of the latest mod-
els. Specular reflections on tissue surfaces can introduce local disparity artifacts
because view-dependent reflections weaken stereo correspondence. Thin instru-
ments and sharp tissue boundaries are also difficult because small localization
errors can cause substantial depth deviations. In the example with blood and
instrument, the predicted depth becomes less spatially consistent around fine
structures. The S2M? example additionally shows pronounced high-frequency
artifacts in a degraded surgical region, illustrating a failure mode that is less
evident from aggregate metrics. Overall, the qualitative results indicate that
quantitative stereo accuracy alone does not fully characterize the reliability of
local surgical geometry. Joint consideration of disparity accuracy, metric-depth
accuracy, in-vivo behavior, and computational efficiency is therefore important
for surgical stereo perception.
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4 Conclusion

We introduce StereoSurg, a systematic benchmark of recent stereo depth esti-
mation methods for surgical scenes, covering accuracy, efficiency, and in-vivo
robustness. Among the methods evaluated under our unified protocol, Founda-
tionStereo achieves the best EPE of 2.659 px and the lowest Badl and Bad3
rates, while BridgeDepth obtains the best D1 of 20.63%. StereoMamba reports
a slightly lower EPE of 2.64 px and the best Bad2 rate of 41.49% under its
SCARED fine-tuning protocol. Metric-depth performance is also sequence-dependent,
with Fast-FoundationStereo best on Dataset 8 and S2M? best on Dataset 9. Fast-
FoundationStereo further provides the strongest efficiency at 28.02 FPS with
1.08 GB GPU memory. Qualitative results reveal failures under weak texture,
specularities, instruments, and degraded conditions, highlighting a gap between
strong benchmark accuracy and reliable geometry in real surgical scenes.
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