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Abstract. Accurate disparity estimation from stereo laparoscopic im-
ages is essential for 3D surgical navigation but remains difficult in occlu-
sion regions, where conventional cost volumes produce unreliable match-
ing costs. To address this, we propose Depth Prior Embedded Disparity
Estimation Network that leverages monocular depth cues—inherently
less affected by occlusion—to refine disparity predictions. Our frame-
work consists of two key components: a Coarse Disparity Estimation
(CDE) module that generates an initial disparity prior from an affine-
transformed depth map, and a novel Depth Prior Embedded Cost Vol-
ume (DPCV). The DPCV encodes this prior into a probability distri-
bution over disparity levels and iteratively fuses it with the traditional
correlation volume via a cross-attention mechanism, thereby improving
matching robustness in occluded/unmatched regions. Evaluations on the
SCARED dataset show that DEDENet achieves improved performance
over several state-of-the-art methods, with clear gains observed particu-
larly within challenging occlusion areas. Our work offers an effective ap-
proach for reliable 3D reconstruction in minimally invasive surgery. The
code is made available: https://homepage.hit.edu.cn/wpgao?lang=en.
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1 Introduction

Laparoscopic surgery remains a clinical gold standard, yet its conventional 2D vi-
sualization limits depth perception and anatomical comprehension [4,24]. Stereo
laparoscopes address this limitation by enabling 3D reconstruction via dispar-
ity maps derived from stereo matching [20], which significantly enhances intra-
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operative spatial awareness [19]. Modern deep learning-based disparity estima-
tors leverage end-to-end feature learning [10], typically relying on the construc-
tion and aggregation of cost volumes [13]. However, a fundamental challenge
(Fig. 1(a)) persists in such frameworks: in stereo imaging, object occlusion and
baseline separation between cameras create occluded/unmatched regions where
pixel correspondences are absent [25]. This results in invalid or ambiguous en-
tries within the cost volume at these locations (Fig. 1(b)), critically undermining
both training stability and final estimation accuracy [5]. Therefore, developing
methods to accurately infer disparity in these occluded/unmatched regions is
crucial for advancing the robustness and performance of disparity estimation in
surgical vision [23].
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Fig. 1: Conceptual and structural impact of occlusion in stereo matching. (a)
The formation of occluded/unmatched regions in a stereo pair due to object
occlusion and camera pose differences. (b) 3D visualization of a corresponding
cost volume.

As a fundamental component in stereo matching [15], the cost volume remains
susceptible to such ambiguities [8] in occluded regions [21, 26]. To enhance fea-
ture expressiveness, advanced cost volume designs have been introduced, such
as the group-wise correlation in GwcNet [6] and the attention-based concatena-
tion volume in ACVNet [22]. Beyond correlation-based volumes, methods like
IGEV-Stereo [21] employ a lightweight 3D regularization network to convert
a standard cost volume into a geometry encoding volume, thereby enriching
structural context. More recent approaches further explore multi-volume fusion
strategies: DCVSMNet [17] couples two same-scale volumes built differently to
extract complementary geometric information, while Miao et al. [12] design a dy-
namic cost volume using residual optical flow for moving objects, fusing it with
a static volume to address occlusion and noise. In a different vein, MVSplat [3]
adopts a plane-swept cost volume for multi-view feature matching to support
3D Gaussian localization, simplifying optimization by replacing regression with
similarity measurement [27].

Nevertheless, a key limitation persists: the structure of the cost volume itself
can adversely affect the cost aggregation process during training [2]. In occluded
regions, for example, cost values may be incorrectly inferred or leak from neigh-
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boring pixels [7], compromising the integrity of matching [14]. Consequently,
issues such as information leakage during aggregation and the ghosting effect in
the warping process [18] remain unresolved, negatively impacting the accuracy
of subsequent disparity estimation. This indicates that further improvements in
volume design, regularization, and fusion mechanisms are still needed.

Since occlusion is an inherent challenge in disparity estimation tasks, we pro-
pose a Depth Prior Embedded Disparity Estimation Network (DEDENet) to
refine occluded regions in disparity maps using depth information, as monocular
depth estimation is less affected by occlusion. The key contributions of our work
are threefold: First, we introduce the DEDENet framework, which systematically
integrates monocular depth cues into stereo matching to address occlusion ambi-
guities. Second, we design a novel Depth Prior Embedded Cost Volume (DPCV)
that encodes coarse inverse depth priors into a probability distribution and iter-
atively fuses them with traditional correlation volumes through cross-attention,
improving matching reliability in occluded/unmatched regions. Third, we de-
velop complementary modules including a Coarse Disparity Estimation (CDE)
module for robust initial guidance.

2 Method
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Fig. 2: Overview of the DEDENet framework. (a) Main pipeline. (b) Coarse
Disparity Estimation Module. (c) Depth Prior Embedded Cost Volume in the
disparity estimator.

As shown in Fig. 2(a), the proposed framework builds upon a lightweight
stereo matching backbone [13], which includes pyramid feature extractors and
disparity estimators. The key modifications are twofold: first, a Coarse Disparity
Estimation (CDE) module (Fig. 2(b)) is integrated to provide complementary
guidance for the disparity estimation; second, the standard cost volume is re-
placed by our proposed Depth Prior Embedded Cost Volume (DPCV) module,
depicted in Fig. 2(c).
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2.1 Coarse Disparity Estimation

The CDE module generates an initial disparity estimate from the stereo pair.
First, a pre-trained depth network produces a depth map d, which is then nor-
malized via inverse depth transformation and percentile clamping:

d̂inv =
min

(
1

d+ϵ , Q0.999(
1

d+ϵ )
)
−min( 1

d+ϵ )

max( 1
d+ϵ )−min( 1

d+ϵ ) + ϵ
(1)

where Q0.999(·) denotes the 99.9th percentile operator, and ϵ is a small
constant for numerical stability. Subsequently, a lightweight encoder-decoder
network predicts pixel-wise scaling and bias maps, which are used to refine
d̂inv via an affine transformation, yielding the final inverse depth prior D̂inv ∈
RB×1×H×W . Finally, a pyramidal average pooling operation is applied to D̂inv

to extract multi-scale contextual features, thereby providing hierarchical depth
priors for the subsequent stereo matching stages.

2.2 Depth Prior Embedded Cost Volume

To enhance the robustness of stereo matching in occluded regions, we propose
a DPCV module that incorporates geometric priors into the cost volume con-
struction process. The proposed DPCV module enhances conventional stereo
matching by integrating explicit depth priors with traditional feature correla-
tion volumes. Given left and right feature maps FL,FR ∈ RB×C×H×W and the
inverse depth D̂inv, the module operates through three key stages: probability
distribution tensor generation, cross-attention fusion, and iterative refinement.

Probability Distribution Tensor Generation We convert the coarse inverse
depth prior into a probability distribution function (PDF) tensor that encodes
uncertainty across the disparity range. Given an inverse depth prior, we generate
a PDF tensor with shape RB×D×H×W (where D denotes the number of preset
maximum disparity levels) by employing a discretized normal distribution. For
each pixel location (i, j), we sample a normal distribution centered at the coarse
disparity estimate µi,j with variance σ2:

V
(i,j)
pdf (d) =

1√
2πσ2

exp

(
− (d− µi,j)

2

2σ2

)
(2)

where d ∈ {d0, d1, . . . , dD−1} represents discrete disparity levels uniformly
spaced in the range [0, Dmax], µi,j corresponds to the mean values derived from
the inverse depth prior, and σ = 0.2 controls the spread of the distribution.
The resulting 4D tensor Vpdf ∈ RB×D×H×W provides a probabilistic matching
prior, with higher values indicating more probable disparities. The PDF values
are normalized such that their sum equals one across all disparity levels.
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Cross-Attention Fusion The original cost volume Vog is iteratively refined
with the probability distribution function (PDF) tensor V(t)

pdf via a cross-attention

fusion mechanism [9]. In this process, Vog serves as the Query, while V
(t)
pdf pro-

vides the Key and Value. These are obtained through learnable linear projections
parameterized by weight matrices Wq, Wk, and Wv, respectively. The attention
weights are computed as the scaled dot-product between the Query and the Key,
followed by a softmax normalization. With C denotes the channel dimension, the
fused volume V

(t)
fused is then generated by applying these attention weights to the

Value and projecting the result with an output weight matrix Wo:

V
(t)
fused = Wo

(
softmax

(
(WqVog)(WkV

(t)
pdf)

⊤
√
C

)
(WvV

(t)
pdf)

)
(3)

Iterative Refinement Process The DPCV incorporates an iterative refine-
ment mechanism to progressively enhance depth estimation. As illustrated in
Fig. 2(c) and detailed in Algorithm 1, this process sequentially updates the PDF
tensor and refines the cost volume fusion. Updates are selectively applied only
to occluded regions, which are identified by a binary occlusion mask M

(t)
occ gen-

erated via a left-right consistency (LRC) check [29]. The number of refinement
iterations is set to T = 1 by default.

Algorithm 1 Iterative Refinement in DPCV

Require: Original cost volume Vog, inverse depth prior D̂inv, maximum iterations T
Ensure: Refined cost volume Vfinal

1: Initialize V
(0)
pdf ← GeneratePDF(D̂inv)

2: Initialize V
(0)
fused ← CrossAttentionFusion(Vog,V

(0)
pdf)

3: for t = 1 to T do
4: Compute probability distribution: P(t−1) ← softmax(V(t−1))
5: Estimate refined disparity using soft argmax: D(t) ←

∑D−1
d=0 d ·P(t−1)(·, d, ·, ·)

6: Update PDF tensor: V(t)
pdf ← GeneratePDF(D(t))

7: Update M
(t)
occ ← LRC(D(t))

8: Fuse with cross-attention: V(t)
fused ← CrossAttentionFusion(Vog,V

(t)
pdf)

9: V(t) ← V(t−1) +M
(t)
occ ⊙V

(t)
fused

10: end for
11: Vfinal ← V(T )

12: return Vfinal
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3 Experiments

3.1 Datasets and Metrics

We pre-train our model on the clean pass version of the FlyingThings3D dataset [11],
which provides 21,818 synthetically generated stereo samples at a resolution of
960 × 540. For domain adaptation and evaluation on surgical data, we use the
SCARED dataset [1]. Following established protocols [4, 13], datasets 1, 2, 3, 6,
and 7 are used for fine-tuning, while datasets 8 and 9 are reserved for evalua-
tion (datasets 4 and 5 are excluded due to known calibration errors). To address
temporal misalignment between the RGB video and interpolated ground truth,
we construct two evaluation subsets: SCARED-evaluation-full (SEF) uses all
video frames, and SCARED-evaluation-keyframe (SEK) uses only synchronized
keyframes. The fine-tuning set contains 25 samples, SEF contains 5,915 samples,
and SEK contains 10 samples.

For stereo matching, the evaluation metrics include the average end-point
error (EPE), defined as the mean absolute error between the reference and pre-
dicted disparity values, and the percentage of pixels with a disparity error greater
than 3 pixels (Bad3). To evaluate depth prediction performance, we employ the
widely used root mean squared error (RMSE).

3.2 Loss Function

In this study, the loss function is defined as follows:

Ltotal =Lgt(D̂,Dgt) + LCDE(D̂inv, Dgt) (4)

Here, Lgt is an L1 loss applied between the final refined disparity estimate
D̂ and the ground-truth disparity map Dgt. The term LCDE is also an L1 loss,
computed between the coarse inverse depth D̂inv (estimated by the CDE module)
and the ground truth Dgt.

3.3 Implementation Details

Our network is implemented in PyTorch and trained on two NVIDIA A10 GPUs.
Following common practice [16], we utilize LeReS (ResNet50 version) [28] as the
monocular depth predictor. The AdamW optimizer is employed with a weight
decay of 1× 10−4. We initialize the stereo matching backbone with pre-trained
weights from [13]. The model is first pre-trained on the FlyingThings3D dataset
for 20 epochs with a batch size of 12, using a cosine annealing learning rate
scheduler starting at 1 × 10−4. Subsequently, it is fine-tuned on the SCARED
dataset for 400 epochs with a batch size of 4 and a constant learning rate of
1× 10−4.
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4 Results and Discussion

4.1 Quantitative and Qualitative Results

We evaluate the performance of our method by comparing it with six state-of-
the-art (SOTA) disparity estimation approaches: ACVNet [22], HSM [25], Deep-
Pruner [1], GMStereo [23], and MSDESIS [13]. The accuracy of the monocular
depth predictor LeRes [28] is also reported for comparison.

(a) Input Image (b) LeRes (c) GMStereo (d) MSDESIS

(e) ACVNet (f) DeepPruner (g) HSM (h) Ours

(i) ACVNet (j) GMStereo (k) HSM (l) Deeppruner (m) MSDESIS (n) Ours (o)

Fig. 3: Predictions from SOTA methods and the proposed approach. Each predic-
tion includes an embedded zoomed-in view of the corresponding mean squared
error (MSE) map in the bottom-right corner. (i)-(n) show the MSE distribution
maps aggregated across all samples in the SEF dataset.(o) MSE color bar.

The quantitative comparison on the SEF and SEK datasets is presented
in Table 1. Our method achieves competitive performance across all metrics,
notably surpassing several recent approaches in key areas. On the SEK dataset,
our model attains the best RMSE (3.42) and Bad3 (10.45%) among all compared
methods, while also achieving a best EPE of 1.74. These results demonstrate the
accuracy of our disparity estimates, particularly in complex surgical scenes.

Qualitative comparisons are presented in Fig. 3(b)–(h). Compared to the
backbone method (Fig. 3(d)) and other state-of-the-art methods, our approach
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Table 1: Quantitative evaluation results on the
SEF and SEK datasets. The runtime (millisec-
onds) corresponds to the average inference time
for 1280× 1024 resolution inputs.

Method SEF SEK
EPE Bad3 RMSE EPE Bad3 RMSE Runtime

LeRes N/A N/A 9.33 N/A N/A 7.31 19.58
ACVNet 6.28 48.35 15.87 2.59 15.71 3.72 53.23

HSM 6.05 61.85 6.85 4.92 57.00 6.14 40.71
DeepPruner 4.08 46.45 5.06 1.89 11.67 3.69 168.36
GMStereo 4.04 43.95 5.03 1.95 13.93 3.33 183.65
MSDESIS 4.45 46.04 5.40 2.30 13.50 3.99 17.01

Ours 4.05 44.68 5.16 1.74 10.45 3.42 45.23

Table 2: Ablation study on
SEK.
Method EPE Bad3 RMSE
Proposed 1.74 10.45 3.42
w/o DPCV 2.30 13.50 3.99
w/o Mocc 2.48 13.70 4.26
w/o LCDE 1.78 10.86 3.52
T=0 1.88 10.97 3.63
T=3 1.77 10.30 3.43

visibly reduces errors in occluded regions. The mean squared error (MSE) distri-
bution maps in Fig. 3(i)–(n) further demonstrate that our method consistently
yields lower errors, particularly in comparison to the backbone (Fig. 3(m)). This
improvement is evident not only on the left side—where stereo occlusions arise
from viewpoint differences—but also across the image as a whole. These visual
results confirm the effectiveness of the proposed modules, indicating that em-
bedding reliable geometric priors into the cost volume enhances overall disparity
estimation accuracy.

In terms of efficiency, the proposed DEDENet module runs at 25.65 ms for
1280 × 1024 images, and the total inference time is 45.23 ms (19.58 ms from
LeRes). This is still faster than computationally expensive models such as Deep-
Pruner (168.36 ms) and GMStereo (183.65 ms). Although the lightweight MS-
DESIS model achieves a slightly lower runtime, our method achieves better ac-
curacy across all metrics on both datasets. This indicates that our design offers
an excellent trade-off between computational efficiency and estimation precision.

4.2 Ablation Study

– Depth prior embedding cost volume. As shown in Table 2, removing
the DPCV module results in a performance drop across all metrics. Specif-
ically, EPE increases by 32.2% (from 1.74 to 2.30) and Bad3 increases by
29.2% (from 10.45% to 13.50%), which validates the module’s critical role in
providing geometric guidance. Furthermore, applying the depth prior glob-
ally without Mocc leads to even worse performance, with EPE increasing
by 42.5% (to 2.48), demonstrating that selectively enhancing only unreliable
regions is more effective than global application.

– Coarse Disparity Estimation Loss. Training without LCDE (Eq. 4) re-
sults in a consistent degradation across all metrics, though relatively minor.
Bad3 increases by 3.9%, confirming that this auxiliary supervision provides
valuable regularization during training, leading to more stable convergence
and a better initialization for the subsequent refinement stage.

– Iterative refinement process. Disabling the iterative process (T=0) causes
a noticeable performance decline, with EPE increasing by 8.0% and Bad3
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increasing by 5.0%, underscoring the necessity of the iterative update mech-
anism for robust estimation. Increasing iterations to T=3 yields marginal
gains in Bad3 (10.30%, a -1.4% change relative to our method), indicating
that a single refinement cycle (T=1) offers a favorable trade-off between
accuracy and computational efficiency.

5 Conclusion

This paper introduces DEDENet, a framework that addresses stereo occlusion in
endoscopic 3D reconstruction by integrating monocular depth priors. Our core
contribution is the DPCV, which encodes depth estimates as a probability distri-
bution and fuses them with correlation features via cross-attention. Experiments
show SOTA accuracy and real-time efficiency, demonstrating that the proposed
method can enhance the robustness of stereo matching in occluded/unmatched
regions. Future work will extend the proposed method to other endoscopic imag-
ing scenarios and explore temporal fusion for dynamic scene reconstruction.
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