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Abstract—Multi-view stereo (MVS) implicitly encodes photo-
metric and geometric cues into the cost volume for multi-view
correspondence matching, transferring insufficient geometric
cues essential to depth estimation and reconstruction. This
paper proposes GE-MVS, a novel multi-view stereo network
with geometric encoding for more accurate and complete depth
estimation and point cloud reconstruction. First, the cross-
view adaptive cost volume aggregation module is proposed to
strengthen the encoding of multi-view geometric cues during cost
volume construction. Then, the depth consistency optimization is
performed in 3D point space during learning by invoking ground-
truth depth cues from adjacent views. Finally, the surface normal
geometries are explicitly encoded to refine the sampled depth
hypotheses to be consistent in the local neighbor regions. Exten-
sive experiments on the standard MVS benchmarks including
DTU, Tanks and Temples, and BlendedMVS demonstrate the
state-of-the-art depth estimation and point cloud reconstruction
performance of GE-MVS. The GE-MVS is further deployed in
real-world experiments for UAV-based large-scale reconstruc-
tion, where our method outperforms the prevalent industrial
reconstruction solutions in terms of reconstruction efficiency
and effectiveness. Supplementary video can be found at https://
youtu.be/Z4tGROatVjU

Note to Practitioners—Multi-view stereo (MVS) enables dense
point cloud reconstruction of target scenes from calibrated
multi-view images and has been widely adopted in robotic
navigation, exploration, and manipulation. Recently, learning-
based MVS methods have significantly improved reconstruction
accuracy and completeness compared to traditional approaches.
This work aims to enhance geometric modeling during network
learning by utilizing ground-truth depth cues from adjacent views
and encoding surface normal geometries. Extensive experiments
conducted on both datasets and real-world scenarios validate the
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effectiveness, scalability, and efficiency of the proposed method.
The proposed method can provide accurate depth and dense
point cloud representations for applications such as aerial path
planning, robotic manipulation, autonomous driving, and virtual
and augmented reality. Future work will focus on adapting the
proposed method from terrestrial to underwater domains for
real-world underwater dense scene reconstruction.

Index Terms—Multi-view stereo, depth estimation, point cloud
reconstruction, unmanned aerial vehicle.

I. INTRODUCTION

ULTI-VIEW stereo (MVS) reconstructs a dense point

cloud representation of the scene from an unordered
set of multi-view calibrated images by solving multi-view
correspondence matching, and it has been widely adopted in
various tasks such as robotic manipulation [1], aerial path
planning [2], autonomous driving [3], underwater exploration
[4], structural inspection [5] and heritage preservation [6],
[7]. Although traditional MVS methods [8], [9], [10], [11],
[12] have achieved decent reconstruction performance based
on hand-crafted matching metrics, recent learning-based MVS
methods [13], [14], [15], [16], [17] significantly outperform
their traditional counterparts in terms of reconstruction accu-
racy and completeness on standard MVS benchmarks [18],
[19], [20]. Learning-based MVS methods first adopt deep
networks to extract multi-view feature maps. Then, multi-
view feature maps and associated camera parameters are
implicitly encoded into the cost volume for enhanced multi-
view correspondence matching. Afterward, the cost volume is
regularized to estimate the depth map. Multi-view depth maps
are then filtered and fused to the dense point cloud by applying
photometric and geometric constraints as a post-processing
step. Despite the promising results exhibited by learning-based
MVS methods, the following improvements can be made to
further improve the reconstruction performance:

1" Motivation MVS with varying viewpoints encounters
occlusion, illumination changes, and content variations, where
occlusion leads to inaccurate and incomplete depth estimation,
and illumination changes make the depth estimation and sub-
sequent point cloud reconstruction of non-Lambertian surfaces
more challenging. We observe that source views spatially
closer to the reference view tend to exhibit higher feature
overlap and thus provide more reliable photometric and geo-
metric cues for depth estimation and subsequent point cloud
reconstruction [21], [27], [28]. Motivated by this observation,
we propose a cross-view adaptive cost volume aggregation
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module that enhances geometric cue encoding by inferring
per-view, per-pixel visibility weights for pairwise matching
costs between the reference and each source view. Our method
retains the squared difference for pairwise matching costs
due to its intrinsic ability to reflect feature differences, while
enhancing computational efficiency through averaging the
costs across the color channel dimension. In contrast to exist-
ing pixel-wise visibility schemes [21], [25], which typically
assign a single confidence or uncertainty value per pixel, our
method estimates fine-grained voxel-wise weights over the
entire cost volume via a lightweight re-weighting network,
enabling more accurate modeling of visibility along both
spatial and depth dimensions. To obtain pixel-wise visibility,
we compute the maximum weight across depth hypotheses,
producing a sharp per-pixel visibility map that reflects the
most confident depth response. This per-pixel visibility map is
applied as a soft gating mechanism that preserves the full cost
structure while suppressing unreliable matches. Experimental
results show that the proposed module effectively improves
both reconstruction accuracy and completeness by addressing
the above challenges while maintaining competitive efficiency.

2" Motivation Most existing methods [22], [23], [24], [25],
[26], [28], [29], [30] perform depth inconsistency checks on
estimated depth maps by applying photometric and geometric
constraints as a post-processing step, where inconsistent pixels
are directly discarded during point cloud generation resulting
in incomplete reconstruction. The differentiable homography
warping exclusively performs implicit geometric modeling
during network learning, which delivers insufficient geometric
cues essential for depth estimation and subsequent point
cloud reconstruction. Unlike existing methods, we perform
explicit depth inconsistency check during learning by encoding
adjacent source-view ground-truth depth cues to geometrically
constrain the depth optimization process directly from the
3D point space. Experimental results show that explicit depth
consistency optimization endows the network with the ability
for more accurate and complete reconstruction.

3¢ Motivation Most existing methods [22], [23], [24], [25],
[28], [29], [30], [31] adopt a coarse-to-fine framework [15] to
gradually refine depth hypotheses of each feature level for
memory efficiency and high-resolution reconstruction, where
coarse-level depth hypotheses are uniformly sampled from
the predefined depth range and finer-level depth hypotheses
are dynamically obtained from coarser-level depth estimation.
However, resulting depth hypotheses are less satisfactory as
the coarser level suffers from inaccurate and incomplete depth
estimation, which imposes learning ambiguity on the cross-
entropy loss where ground-truth probability volume is obtained
by one-hot encoding the depth hypotheses closest to the
ground-truth depths. Inspired by [32], [33], [34], and [35], we
propose to refine and constrain the sampled depth hypotheses
to be geometrically consistent in local neighbor regions by
explicitly encoding surface normal geometries. Experimental
results show that the normal-assisted depth hypotheses refine-
ment effectively enhances overall reconstruction performance.

We propose a coarse-to-fine MVS network with the
above geometric encoding strategies, termed GE-MVS, to
demonstrate the superiority of our modules. Extensive experi-
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Fig. 1. Reconstruction performance comparison of our method with state-of-
the-art learning-based methods [21], [22], [23], [24], [25], [26] on (a) DTU
dataset and (b) Tanks and Temples benchmark. Our method obtains more
accurate and complete point cloud reconstructions.

ments indicate that our method achieves state-of-the-art depth
estimation and point cloud reconstruction performance on
standard MVS benchmarks, including DTU [18], Tanks and
Temples [20], and BlendedMVS [19]. As shown in Fig. 1(a),
our method achieves more accurate and complete reconstruc-
tion on the DTU dataset. Additionally, it effectively generalizes
to large-scale complex scenes, obtaining higher reconstruc-
tion F-scores on both the intermediate and advanced sets
of the Tanks and Temples, as demonstrated in Fig. 1(b).
Real-world experiments for large-scale reconstruction based
on the unmanned aerial vehicle (UAV) further validate the
scalability and generalization ability of GE-MVS, significantly
outperforming industrial reconstruction solutions in terms of
reconstruction efficiency and effectiveness.

This paper is structured as follows: Section II reviews
related work. Section III details the methodology of the
proposed MVS method. Section IV presents comprehensive
benchmark and ablation experimental results. Section V show-
cases the real-world experiments. Section VI discusses the
limitations. Section VII concludes this paper.

II. RELATED WORK
A. Traditional Multi-View Stereo

Traditional multi-view stereo (MVS) methods can be
categorized into three main types based on their output rep-
resentation: point cloud-based methods, volumetric methods,
and depth map-based methods. Point cloud-based methods [9],
[36] utilize a propagation strategy to sequentially densify a
sparse set of key points. However, this sequential approach
presents challenges for full parallelization, thereby limit-
ing computational efficiency. In contrast, volumetric methods
[37], [38] discretize the three-dimensional space into voxels.
These methods employ photometric measures to assess voxel
adherence to surfaces, which often leads to high memory
consumption. Depth map-based methods [8], [10], [11], [12],
[39] have emerged as a more flexible and efficient alternative.
They decompose the MVS process into two distinct stages:
depth map estimation and depth map filtering and fusion.
In the first stage, per-view depth maps are estimated, while
the second stage fuses these depth maps into either volumet-
ric representations [40] or point cloud reconstructions [11].
Although traditional approaches achieve detailed reconstruc-
tions in rigid Lambertian textured scenarios, they face
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significant challenges. Variations in illumination, low-textured
regions, specular and reflective surfaces, and repeated patterns
can lead to unreliable pixel correspondences. Consequently,
this results in inaccuracies and incompleteness in the final
reconstructions.

B. Learning-Based Multi-View Stereo

Recent advances in learning-based MVS methods have
significantly outperformed traditional counterparts in MVS
benchmarks [18], [19], [20]. Pioneering works such as Sur-
faceNet [41] and LSM [42] warp multi-view image features
into voxel-based cost volumes regularized by 3D CNNs to
regress surface voxels. However, these approaches suffer from
common shortcomings associated with volumetric representa-
tions, making them challenging to scale for large-scale scene
reconstruction. In contrast, MVSNet [13] employs differen-
tiable homography warping to construct the cost volume from
multi-view image features and predefined depth hypotheses.
It then utilizes 3D CNNs to regularize the cost volume
and estimate per-view depth, facilitating large-scale scene
reconstruction. MVSNet is regarded as a seminal work in end-
to-end learning-based MVS methods. Nevertheless, it struggles
to scale to high-resolution images due to its large memory
footprint and high computational cost. Additionally, it faces
challenges with multi-view matching ambiguity due to its
heuristic cost volume aggregation strategy, which overlooks
the varying significance of different views.

To achieve high-resolution depth estimation and recon-
struction, several variants of MVSNet have been proposed
to enhance network scalability for high-resolution images by
reducing memory footprint. These approaches often employ
a coarse-to-fine framework [15] or utilize recurrent neural
networks (RNNs) [14]. RNN-based methods [21], [26], [43]
recurrently regularize the cost volume, effectively trading
runtime for reduced memory usage. However, this can result in
slower inference speeds despite their capability to handle high-
resolution images. In contrast, coarse-to-fine methods [22],
[23], [28], [29], [30] first infer a low-resolution (coarse) depth
map using a predefined depth range with a large depth interval.
They then progressively narrow the depth range and interval,
which helps reduce runtime and memory consumption while
achieving high-resolution (fine) depth map estimation and
reconstruction. Specifically, TransMVSNet improves feature
matching by introducing an attention-based transformer that
aggregates long-range contextual information across multiple
views, along with an adaptive receptive field to ensure a
smooth transition from local to global features. GeoMVSNet
leverages geometric priors at the coarse feature level by
integrating coarse-level depth estimation into a dual-branch
feature extraction network to enhance geometry awareness.
Additionally, it incorporates coarse-level probability volumes
into finer-level cost regularization, yielding more robust cost
matching. In comparison, our method explicitly optimizes
depth consistency by leveraging ground-truth depth cues from
adjacent views and refines depth hypotheses through the
encoding of surface normal geometries.

C. Cost Volume Aggregation and Geometric Encoding

Our method follows the coarse-to-fine framework to achieve
a trade-off between reconstruction efficacy and efficiency. The
work most related to ours can be separated into two branches:
1) cost volume aggregation and 2) geometric encoding. For
cost volume aggregation, recent studies indicate that different
views contribute unequally to the aggregation process. Various
modules have been proposed to reduce matching ambiguity
by learning view-wise weights [28], patch-wise weights [44],
channel-wise weights [27], and pixel-wise weights [21]. In
contrast to these existing methods, we propose learning voxel-
wise weights through a re-weighting network and taking the
maximum weight along the depth dimension to enhance multi-
view feature similarity measurement.

Regarding geometric encoding, saddle-shaped depth geome-
tries [45] have been introduced to achieve oscillating depth
planes. Geometric structures in coarse stages [30] are embed-
ded in feature fusion and regularization processes to promote
geometry awareness. Multi-granularity geometric information
[46] is encoded to address disparity ambiguities, while surface
normal geometries [34] are incorporated into the regulariza-
tion network to obtain geometrically consistent cost volumes.
However, these methods typically perform depth inconsis-
tency checks after network training, discarding inconsistent
pixels during point cloud fusion, which can lead to incom-
plete reconstructions. In contrast to these approaches, our
method performs depth consistency optimization directly in
the 3D point space during the learning process by utilizing
ground-truth depth cues from adjacent views. Additionally,
we explicitly encode surface normal geometries to refine the
sampled depth hypotheses, ensuring consistency within local
neighboring regions.

D. Real-World Engineering Applications

MYVS has demonstrated strong capability in reconstructing
accurate and complete dense point clouds from calibrated
multi-view images, leading to its widespread adoption across
various engineering domains such as simultaneous localiza-
tion and mapping (SLAM), aerial path planning, autonomous
driving, structural inspection, and building energy analysis.
Specifically, the first monocular SLAM framework [47] that
couples visual odometry with learning-based unsupervised
MVS has been proposed to simultaneously achieve high-
precision localization and dense scene reconstruction in an
efficient manner. A prediction-boosted planning framework
[48] has been developed to maximize the performance of
geometry-based MVS, enabling autonomous aerial path gen-
eration for accurate and complete reconstruction of unknown
environments. To enhance perception in dynamic scenes,
geometry-based MVS has also been integrated with a risk
map-driven deep learning framework [49], which explicitly
models motion and intention uncertainties to enable robust
and reliable understanding of surrounding environments. In
addition, a two-stage ground extraction framework [50] based
on adaptive bin partitioning and grid projection has been
introduced to achieve a favorable trade-off between extrac-
tion accuracy and computational efficiency. A UAV-based
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Fig. 2. Network overview of GE-MVS. L is set to 3 to form a three-stage coarse-to-fine network. The green box denotes the proposed cross-view adaptive
cost volume aggregation module, the red box represents the proposed depth consistency optimization module, and the violet line indicates the proposed
normal-assisted depth hypotheses refinement module. The rest is inherited from our baseline method [15].

intelligent inspection framework [51], [52] leveraging
learning-based MVS has also been developed to support
scalable infrastructure inspection by decomposing the process
into defect detection, structural reconstruction, and defect
registration, with MVS providing dense reconstruction as the
foundation for downstream defect registration. Furthermore, an
autonomous design framework [53], [54] integrating learning-
based MVS has been proposed to support decision-making
in the deployment of building-integrated photovoltaics based
on reconstructed structural models. These diverse applications
collectively demonstrate the effectiveness and robustness of
MVS in real-world deployments, thereby underscoring the
necessity of further enhancing its performance across varying
scenarios. In this paper, we conduct extensive real-world
experiments to evaluate the effectiveness and efficiency of the
proposed method in both terrestrial and underwater environ-
ments, covering a wide range of depth scales, illumination
conditions, and geometric complexities.

III. METHODOLOGY

The architecture of GE-MVS is shown in Fig. 2. Given
N-view images {I; € R>*#>*W)N'1 with their camera intrinsics
{K; € R>3V 1 and extrinsics {[R; € R¥>3;t; € RPNV L
our goal is to estimate the depth map Dgey € R¥*W for
the reference image Ij. First, multi-scale feature pyramids of
multi-view input images are extracted through a feature extrac-
tor with shared weights among multiple views. The initial
3D cost volume pyramid of the reference view is constructed
via differentiable homography warping and cross-view adap-
tive aggregation to measure multi-view matching similarity
(Subsection III). Then, the noise-contaminated cost volume
pyramid is regularized to acquire the probability volume
pyramid for depth map pyramid estimation (Subsection III-B).
Afterward, the depth inconsistency of reference-view depth
map pyramid is explicitly checked by encoding adjacent
source-view ground-truth depth to geometrically constrain the

depth optimization from the 3D point space (Subsection III-C).
Finally, we refine the sampled depth hypotheses of the coarse-
to-fine framework by explicitly encoding surface normal
geometries (Subsection III-D). The depth map at the original
scale is taken as the final output. The estimated depth maps
are filtered and fused [55] to the final point cloud.

A. Cross-View Adaptive Cost Volume Aggregation

1) Feature Volume Construction: Given multi-view images
{I}¥,!, the Feature Pyramid Network [56] is adopted to
extract L-scale feature pyramids {F}}¥ ' € RETX | where
[ €{0,1,...,L — 1} denotes the feature level and Cl denotes
the channel number. For each feature level /, the reference-
view depth range [Dmm, D! 1 is uniformly discretized into

M; discrete depth hypotheses:

D!  —-D!
[ 1 max
Dmlm Dmm ( Ml _ lmln) bl (1)
H w
where {Dmdx, Dfmn, Dfm m} € RZ*2 denote the maximum,

minimum, and sampled initial depth hypotheses at feature level
[, respectively. Here, m € {0, 1,..., M;—1} denotes the index of
depth hypothesis plane. Note that the coarse-level depth range
is predefined and the finer-level depth range is obtained from
the coarser-level depth estimation. D! . m 1s further refined by
surface normal geometries to final depth hypotheses D!, for
more accurate and complete depth estimation and reconstruc-
tion, as illustrated in Subsection III-D.

The pairwise pixel coordinate mapping between the
reference-view feature map F) and adjacent source-view
feature maps {F}};' at depth D!, is then established via
differentiable homography:

pi = K; [Ro-; (Kj'poDl,(p0)) + toi] )

where pp and p; denote the reference-view and source-
view pixel coordinates, respectively. Ro-,; = RiRj ' and
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to; = (th — RRy 't;) are the relative rotation matrix and
translation vector between the reference and source view,
respectively. Ky and K; are the scaled camera intrinsics for
the reference and source view. Given p; from Fl differentiable
bilinear interpolation is adopted to 1nterpolate the source-
view feature map Fl aligned to the reference view. The above
coordinate mapping and interpolation process are performed
for each depth hypothesis D/, (po) to obtain the corresponding
feature map F! iD! (po)’ which is consecutively stacked along the
depth dlmensmn to construct the source-view feature volume
Vie REMx The reference-view feature map F)
is repeated M, times aiong the depth d1mens1on o obtain the
reference-view feature volume V) € R<*M> A%

2) Cost Volume Aggregation: Given per-view feature vol-
umes, the next step is to aggregate multi-view feature volumes
into the cost volume to measure multi-view feature matching
similarity. The cross-view adaptive cost volume aggregation
module is proposed to strengthen the geometric cues implicitly
encoded by the homography warping and to remove multi-
view matching ambiguities by considering per-view per-pixel
visibility. The schematic plot of the cross-view adaptive aggre-
gation module is shown in the green box of Fig. 2. The initial
pairwise matching cost between the reference view and iy
source view at pixel p is measured as:

C-1

1
& 2 (Vi - Viw)'. 3)

I ico

Sé«—n(p) =

where we first compute the pairwise feature similarity and then
compute the mean over the channel dimension for memory

H ﬂ
efficiency. {S e RMi> 5% denotes the initial pairwise
cost, which is smoothed via a ilghtwelght network to produce
c RM,>< =1 >< B

ture volumes are then adaptively aggregated as:

0o

the per-voxel weight {W . Multi-view fea-

0ei

N-1

o) = !
Cp =5 ; (1 + max WoHi(p)) Soei(®)  (4)

Adaptive Visibility

where C' € RM*7 %3 denotes the reference-view cost volume
and © is the Hadamard product. The per-view per-pixel adap-
tive visibility is obtained by taking the maximum similarity
along the depth dimension and varying spatial saliency along
the height and width dimension. The 1 is added to the
adaptive visibility to preserve the initial pairwise cost and
prevent excessive smoothing. The per-pixel adaptive visibility
is masked over the initial pairwise cost and the resulting
pairwise cost is accumulated over all the source views and
averaged to obtain the final cost volume. In this way, the pixels
with higher feature similarity will have a larger contribution,
while pixels that suffer from matching ambiguities will be
suppressed during cost volume aggregation.

B. Cost Volume Regularization and Depth Estimation

Following the previous work [15], [22], [23], a multi-
scale 3D U-Net is utilized to regularize the initial noise-
contaminated cost volume C! € RM’X°’ ok and to transform

multi- view matching cost into the probability volume P! €
RM*3 %3 via the softmax operation along the depth dimen-
sion. The probability volume represents the probability map
corresponding to M; depth hypotheses. The depth estimation is
treated as a pixel-wise depth classification problem where the
depth hypothesis corresponding to the maximum probability
is taken as the depth estimation result:

/ !
Djesi(p) = argmax  Po(p), ©)
de(D, (po)l, '
H w
where D0 est € R2 %2 denotes the depth estimation for the

reference view at feature level /. Note that the depth estimation
at the fine level is taken as the final output.

C. Depth Consistency Optimization

Most existing methods [22], [23], [24], [25], [26], [27],
[28], [29] perform depth inconsistency checks after network
learning and discard the inconsistent pixels during point
cloud fusion, leading to incomplete reconstruction. Further-
more, the cost volume delivers insufficient geometric cues for
depth estimation and subsequent reconstruction. To dynami-
cally improve depth consistency and explicitly strengthen the
geometric modeling, we perform depth consistency optimiza-
tion in the 3D point space by encoding ground-truth depth
cues from adjacent views to suppress the inconsistent pixels
throughout the learning.

1) 2D—3D Backward Projection: At each feature level
I, we first back-project the pixel coordinates from both the
reference view and the source views to the 3D point space,
using the reference-view depth estimation and the source-view
ground-truth depth, respectively. The backward projection is
formulated as:

X!(p) = (K;R))"'pDi(p) - R/ 't;, (6)

Ny
where {Xf € R3X§X%}

i=0
coordinates in the world space. Here, X}, and {X!}", represent
the point coordinates for the reference view and N, adjacent
source views involved in the depth consistency optimization,
respectively. The sets {K,-}fi"o and {[R;|t; ]}N denote the scaled

camera intrinsics and extrinsics, respectlvely. Additionally,

denotes the back-projected point

{Dl(p)}fv‘0 represents the depth at pixel p, where Di(p) =
Oest(p) is the depth estimation of the reference view and
{Di(p) = i’gl(p)}iz"] are the ground-truth depths from the Nj

adjacent source views.

2) Point Cloud Alignment: As shown in the red box of
Fig. 2, after backward projection, the reference-view point
cloud Xf) is partially corrupted with noisy points due to
inaccurate and incomplete depth estimation Df)’est, while the
source-view point cloud X! is complete and clean benefiting
from ground-truth depth map D’ Furthermore, there also
exists misalignment between Xl and X] due to cumulative
errors in camera intrinsics and extrinsics. We hence establish
pairwise coordinate mapping to align the source-view point
cloud to the reference view. The coordinate mapping is for-
mulated as:

Pi = Ki[Roo,i(Kg' PoDf e (P0)) + toosil. 7
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where Dé,est(pO) denotes reference-view depth estimation at
pixel po. Given source-view pixel coordinates p; from X!, we
regard x, y, z point coordinates as channel features and utilize
the differentiable bilinear interpolation to obtain the source-
view point cloud if aligned to the reference view.

3) Depth Inconsistency Check: The pointwise distance
error is then computed as the Euclidean norm between
reference-view points and aligned source-view points:

E)...(p) = IXh(P) - X! (p)ll2, 3
where E!

0oi € R ¥ denotes error map, ||||» is the L,-norm.
If the pointwise distance error at pixel p exceeds a certain
threshold, then the reference-view depth estimation D0 est(P) 18
considered inaccurate. For each reference view, the 2D—3D
backward projection is performed for N, source views, and
the depth inconsistency of the reference view with respect to
all source views is accumulated and averaged as:

Mi(p) = Z[EOH,(p) > e, ©)

where M}, € R denotes the depth inconsistency mask of
the reference view at feature level /. [-] denotes the Iverson
bracket and ¢ denotes the per-level point distance threshold.

4) Loss Function: As illustrated in Subsection III-B, the
depth estimation is treated as a pixel-wise depth classifica-
tion problem, where the depth hypothesis corresponding to
the maximum probability is taken as the estimation result.
Therefore, the cross-entropy loss is adopted to supervise
the difference between estimated probability volume P!(p)
and ground-truth probability volume Plgt(p), where Pé[(p) is
obtained by one-hot encoding the depth hypotheses closest to
the ground-truth depths. The cross-entropy loss of feature level
[ is defined as follows:

Lop= ), Z Py, (D) log(P, (). (10)
pe(py)
where {Pitm,an} e RY*Y are ground-truth and estimated

probability map of my, depth hypothesis. {p,} is the set of
pixels with valid ground-truth depth.

The per-level cross-entropy loss E’ cr 1s further weighted by
the depth inconsistency mask M/, o(P) to geometrically optimize
depth consistency:

Li=Lep+ ) Z ~M(p) (Pl (p) log(P,,(p)) ,  (11)
pe(p,} m=

where L£; denotes the per-level loss for depth optimization,

Mé(p) provides the per-pixel penalty for reference-view depth

inconsistent to N source views, the original cross-entropy loss

is retained to prevent excessive depth consistency correction.

The total loss for optimization is the weighted sum of the

per-level loss:
L-1
L=Y AL,
1=0

where L represents the total loss for depth optimization, L
denotes the total number of feature levels, and A; is the loss
weight of level L.

12)

D. Normal-Assisted Depth Hypotheses Refinement

Coarse-to-fine depth hypotheses sampling introduces learn-
ing ambiguity into the network. Furthermore, sampled depth
hypotheses lead to inconsistent depth estimation in the local
neighbor regions under challenging multi-view matching con-
ditions. Inspired by [32], [34], and [35], we propose encoding
surface normal geometries to refine the depth hypotheses,
making them geometrically smooth and consistent in local
neighbor regions. The normal map is generated by the
monocular normal estimation network Omnidata [57] to help
resolve multi-view matching ambiguities under challenging
conditions.

Given reference-view normal map N €
initial depth hypotheses D}, € R %3 from the coarse-to-fine
framework, we interpolate the Dmlm to the original resolution
and perform back-projection to project the reference-view
pixel coordinates to the camera coordinates:

X(p) = K 'pD,;,.(p),

where X(p) € R**! denotes back-projected camera coordinates
at pixel p, K € R3*3 is the scaled camera intrinsics of the
reference view. For each pixel p, we then search its n square
neighboring pixels p;,i € {0,1,...,n — 1} centered at pixel
p and perform the same back-projection process to obtain
corresponding camera coordinates X(p;) € R3*!. With local
planar priors, the normal constraints are further imposed as:

N(p) - X(p) - X(p)) =0

where N(p;) € R**! denotes the normal vector at pixel p;, i €

RSXHXW and on

13)

(14)

{0,1,...,n—1}. We then refine neighboring depth hypotheses
by encoding normal geometries according to Eq. 14:
N(p) - (K™'p)
D (p) = oo Dl (p), (15)
N(p,) - (K~'py)

where D/ (p;) denotes the refined depth hypothesis at pixel p;.
The above refinement is performed for all M; depth hypotheses
to obtain the refined depth hypotheses D!, € RI*W m €
{0,1,..., 1}, which is interpolated to corresponding fea-
ture level Dfn e R %3 for adaptive cost volume aggregation,
depth optimization and estimation.

IV. BENCHMARK AND ABLATION EXPERIMENTS

In this section, we first illustrate the datasets and evaluation
metrics for quantifying point cloud reconstruction and depth
estimation performance. Next, we provide the implementation
details and evaluate our method on three standard MVS bench-
marks [18], [19], [20]. Finally, we perform systematic ablation
experiments to validate the effectiveness and efficiency of each
component of the proposed method.

A. Datasets

The DTU dataset [18] is an indoor MVS dataset comprising
119 object-centric scenes. Each scene contains multi-view
images captured from 49 fixed camera positions under 7
different lighting conditions, with ground-truth point clouds
scanned by the structured light scanner. The dataset is split
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into 79 scenes for training, 22 scenes for validation, and
18 scenes for evaluation by following MVSNet [13]. The
BlendedMVS dataset [19] is a large-scale dataset for MVS
fine-tuning and validation, comprising 113 complex scenes,
including cities, architectures, statues, small objects, and more.
The dataset is split into 106 scenes for training and 7 scenes
for validation. The Tanks and Temples [20] dataset serves
as a large-scale MVS evaluation benchmark consisting of
indoor and outdoor scenes. The dataset contains intermediate
(8 scenes) and advanced sets (6 scenes) with variations in
scene scale, exposure condition, and surface reflection.

B. Evaluation Metrics

1) DTU: The DTU dataset computes mean error distance
in millimeter (mm) to quantify the reconstruction accuracy
and completeness. For a given scene, let R and G denote
the reconstructed and ground-truth point clouds, respectively.
Accuracy and completeness are defined as follows:

erg = min|r — gll, (16)
geg
1

Acc = — lersc < d] - erssg, (17

IR| 1;2 r—g r—G

eg R = Irlgi%llg—rllz, (18)
1

Comp = 1= > legor <d]- egor. (19)

geg

where r and g represent every point in R and G, respectively.
|||l denotes the Euclidean distance, |-| represents the number
of points, [-] is the Iverson bracket, and d denotes the outlier
rejection threshold. Specifically, the accuracy measures the
distance from R to G, reflecting the quality of the recon-
structed points, i.e., how close R lies to G. The completeness
is measured as the distance from G to R, representing the
extent to which the ground truth G is restored.

DTU reports mean accuracy error and mean completeness
error over 22 test scenes. To avoid the imbalance between
mean accuracy and completeness, the overall score takes the
average of mean accuracy and mean completeness to measure
the overall reconstruction performance. A lower overall score
indicates better reconstruction performance:

Ni—1

1
Overall Score = Z_M ;(Acci + Comp,) (20)

where N, denotes the total number of test scenes.

2) Tanks and Temples: The Tanks and Temples dataset
adopts the precision and recall in percentage (%) to quantify
the reconstruction accuracy and completeness, respectively.
The definitions of precision and recall are analogous to
accuracy and completeness as defined for the DTU dataset.
However, while the DTU dataset measures error distances in
millimeters (mm), the Tanks and Temples dataset reports errors
as percentages (%). For each scene, the precision and recall
are defined as follows:

er—g = min|r — gll2, 2y
geg

100
Precision = — lermc < d], (22)
|R| l; r—G
€g-R = min lig — rll2, (23)
100
Recall = — [essr < d]. 24)
1G] gig: e

To achieve a trade-off between precision and recall, the
F-score is defined as their harmonic mean, serving as a
summary measure of reconstruction performance. A high
F-score indicates that the reconstruction is both accurate and
complete:

2 - Precision - Recall
F-score =

. 25
Precision + Recall 25)

Tanks and Temples computes the mean F-score across 8
scenes in the intermediate set and 6 scenes in the advanced
set as official metrics.

3) BlendedMVS: Unlike the previous two datasets focus-
ing on evaluating point cloud reconstruction performance,
the BlendedMVS dataset adopts the endpoint error (EPE),
1-threshold error (e;), and 3-threshold error (e3) to quantify the
depth estimation performance. The EPE is defined as the mean
absolute error between the predicted and ground-truth depth
maps, with the absolute error scaled by the depth interval. The
e; and ez denote the percentages of pixels in the predicted
depth map with scaled absolute errors greater than 1 and 3,
respectively.

C. Implementation Details

The proposed network is implemented by PyTorch and
trained on the DTU training set. The original DTU dataset
[18] only contains ground-truth point clouds scanned by the
structured light scanner. Therefore, following the common
practices [13], [15], [30], we generate the per-view ground-
truth depth map by screened Poisson surface reconstruction
and per-view depth map rendering for end-to-end training. The
feature level L is set to 3 to form a three-stage coarse-to-fine
network. The number of input views N is 5, the number of
source views N, and the point distance threshold ¢ for depth
inconsistency check are set to 8 and 0.2, respectively. The
image and ground-truth depth map resolutions are resized to
H x W = 512 x 640. The depth range is set to 425 mm to
905 mm to uniformly sample depth hypotheses, where the
number of depth hypotheses planes M; is defined as 48,32, 8
from coarse to fine level, respectively. The corresponding
depth interval is set to 4,2, 1 times of the coarse-level depth
interval and the loss weight A; is 1,1,2 from coarse to fine
level. The number of square neighboring pixels n is set to 8
to form a 3 x 3 local neighbor region for depth hypotheses
refinement. The network is optimized by the Adam optimizer
B1 = 0.9,8, = 0.999) for 30 epochs on two NVIDIA RTX
3090Ti GPUs with a batch size of 2 on each GPU. The initial
learning rate and weight decay of the optimizer are 0.001 and
0.0001, respectively. The multi-step learning rate scheduler is
adopted to decay the initial learning rate by a factor of 0.5 at
epochs 8,12, 16, and 20, respectively.
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TABLE 1

QUANTITATIVE BENCHMARKING RESULTS ON THE DTU EVALUATION SET
FOR EVALUATING POINT CLOUD RECONSTRUCTION PERFORMANCE
(N=5,Hx W =864 x 1152, LOWER IS BETTER)

Mean Error Distance on 22 Scenes

Type Methods Year
Acc. | (mm)  Comp. | (mm)  Overall* | (mm)
Camp [8] 2008 0.835 0.554 0.695
'g Furu [9] 2010 0.613 0.941 0.777
3 Tola [10] 2012 0.342 1.190 0.766
E Gipuma [11] 2015 0.283 0.873 0.578
Colmap [12] 2016 0.400 0.664 0.532
SurfaceNet [41] 2017 0.450 1.040 0.745
MVSNet [13] 2018 0.396 0.527 0.462
R-MVSNet [14] 2019 0.385 0.459 0.422
P-MVSNet [44] 2019 0.406 0.434 0.420
Point-MVSNet [58] 2019 0.342 0.411 0.376
D?HC-RMVSNet [43] 2020 0.395 0.378 0.386
AttMVS [27] 2020 0.383 0.329 0.356
CVP-MVSNet [59] 2020 0.296 0.406 0.351
UCS-Net [60] 2020 0.338 0.349 0.344
3 AA-RMVSNet [21] 2021 0.376 0.339 0.357
fs EPP-MVSNet [61] 2021 0.413 0.296 0.355
2 PatchMatchNet [62] 2021 0.427 0.277 0.352
% TterMVS [63] 2022 0.373 0.354 0.363
~ CDS-MVSNet! [29] 2022 0.365 0.281 0.323
UniMVSNet' [23] 2022 0.364 0.279 0.321
TransMVSNet' [22] 2022 0.360 0.271 0.316
Vis-MVSNet [25] 2023 0.369 0.361 0.365
IGEV-MVS [46] 2023 0.331 0.316 0.324
GeoMVSNet' [30] 2023 0.370 0.275 0.323
ET-MVSNet! [24] 2023 0.359 0.265 0.312
BH-RMVSNet [26] 2024 0.368 0.303 0.335
LCM-MVSNet [28] 2024 0.358 0.275 0.317
CasMVSNet' (Baseline) [15] 2020 0.359 0.339 0.349
Ours 0.354 0.246 0.300
Rela. Improvement (%) 1.39 2743 14.04
Ours (w/ Metric3D-Giant) 0.349 0.233 0.291
Rela. Improvement (%) 2.78 31.27 16.62

* The overall score is the summary measure of the overall reconstruction performance.

+ Smaller values indicate better performance.

T Re-evaluated by utilizing the released optimal checkpoints with the same depth map filtering & fusion
method and in the same platform as ours.

D. Benchmarking Performance

1) Benchmarking on DTU: We benchmark our method on
the DTU evaluation set by comparing it with several traditional
and dozens of learning-based MVS methods to quantify its
point cloud reconstruction performance as shown in Table I.
The reconstruction accuracy (Acc.), completeness (Comp.),
and overall score (Overall) in mean error distance (mm) of 22
scenes are reported (lower the better). N is set to 5 with the
image resolution of H x W = 864 x 1152 for depth map estima-
tion. The fusible [55] is adopted to fuse multi-view depth maps
into the final point cloud. All settings follow common practices
for a fair comparison. Extensive experiments demonstrate that
our method outperforms pioneering works, such as P-MVSNet
[44], which constructs the cost volume through patch-wise
matching confidence aggregation. Our method achieves state-
of-the-art reconstruction performance in terms of overall score
by striking an excellent trade-off between reconstruction accu-
racy and completeness, verifying the effectiveness of our
proposed modules for improving point cloud reconstruction.
The qualitative comparison between our method and existing
methods [15], [22], [30] in Fig. 3 demonstrates that our method
achieves much more complete reconstruction with fine-grained
details for non-Lambertian and low-textured surfaces under
bright light, qualitatively demonstrating the quantitative bench-
marking results.

£ unog

[/ upd§

S St SN r e L
0.4359 0.3382 0.3532 0.3230
CasMVSNet TransMVSNet GeoMVSNet Ours Ground-Truth

Fig. 3. Reconstruction comparison of scan 13 and scan 77 on the DTU
evaluation set, where our method achieves more complete dense reconstruction
for low-textured and non-Lambertian surfaces under bright light. The bottom-
right number denotes the completeness error in mm (lower the better).
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Fig. 4. Reconstruction error rendering of scene Family, Francis, and Train
on the intermediate set of the Tanks and Temples benchmark. The darker
color indicates a larger reconstruction error and 7 denotes the per-scene point
distance threshold. The top-right number denotes the F-score in % (higher
the better).

2) Benchmarking on Tanks and Temples: We further quan-
tify the point cloud reconstruction performance of our method
on the Tanks and Temples benchmark to evaluate its general-
ization ability on large-scale outdoor and indoor scenes. For
the intermediate set, the mean precision, recall, and F-score in
mean error percentage (%) of 8 outdoor scenes are reported
(higher the better). For the advanced set, the mean precision,
recall, and F-score in mean error percentage (%) of 6 indoor
and outdoor scenes are reported (higher the better).

The model is fine-tuned on the BlendedMVS training set for
20 epochs to improve its generalization ability on large-scale
real-world scenes by setting N =7 with H x W = 576 x 768.
For benchmarking, N is set to 11 with H x W = 1080 x 1920
for depth estimation, and the dynamic fusion [43] is adopted
for point cloud reconstruction. All settings follow common
practices for a fair comparison. The benchmarking results
on the intermediate set and advanced set of the Tanks and
Temples are summarized in Table II and Table III, respectively.
Our method achieves the highest F-score compared to tradi-
tional and dozens of learning-based methods across large-scale
indoor and outdoor scenes. We render the reconstruction errors
as shown in Fig. 4 and Fig. 5, where our method outperforms
recent methods [15], [26], [28], [30] by a large margin.
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Fig. 5. Reconstruction error rendering of scene Auditorium, Ballroom,

Courtroom, and Museum on the advanced set of the Tanks and Temples
benchmark. The darker color indicates a larger reconstruction error and 7
denotes the per-scene point distance threshold. The top-right number denotes
the F-score in % (higher the better).

TABLE I

QUANTITATIVE BENCHMARKING RESULTS ON THE INTERMEDIATE SET OF
TANKS AND TEMPLES FOR EVALUATING POINT CLOUD RECONSTRUC-
TION PERFORMANCE (N = 11, H x W = 1080 x 1920,

HIGHER IS BETTER)

Mean Error Percentage on 8 Scenes

Type Methods Year
Precision T (%)  Recall 1 (%)  F-score* 1 (%)
MVE [64] 2015 19.67 40.16 25.37
= OpenMVG [65] + MVE [64] 2016 27.96 61.97 38.00
5 Colmap [12] 2016 43.16 44.48 42.14
g Pix4D [66] 2016 46.85 41.58 43.24
= VisualSfM [67] + OpenMVS [68] 2020 21.76 30.39 24.45
OpenMVG [66] + OpenMVS [69] 2020 35.25 55.16 41.71
MVSNet [13] 2018 40.23 49.70 43.48
Point-MVSNet [58] 2019 41.27 60.13 48.27
R-MVSNet [14] 2019 43.74 57.60 48.40
P-MVSNet [44] 2019 49.93 63.82 55.62
CVP-MVSNet [59] 2020 51.41 60.19 54.03
UCSNet [60] 2020 46.66 70.34 54.83
D?HC-RMVSNet [43] 2020 49.88 74.08 59.20
AUMVS [27] 2020 61.89 58.93 60.05
_ PatchMatchNet [62] 2021 43.64 69.37 53.15
2 AA-RMVSNet [21] 2021 52.68 75.69 61.51
—Su EPP-MVSNet [61] 2021 53.03 75.58 61.68
E TterMVS [63] 2022 46.82 73.50 56.22
E CDS-MVSNet [29] 2022 53.23 74.39 61.58
TransMVSNet [22] 2022 55.14 76.73 63.52
UniMVSNet [23] 2022 57.54 73.82 64.36
Vis-MVSNet [25] 2023 54.44 70.48 60.03
ET-MVSNet [24] 2023 58.52 75.45 65.49
GeoMVSNet [30] 2023 59.75 74.28 65.89
BH-RMVSNet [26] 2024 53.24 75.82 61.96
LCM-MVSNet [28] 2024 59.25 68.56 63.33
CasMVSNet [15] (Baseline) 2020 47.62 74.01 56.84
Ours 57.17 79.12 65.90
Rela. Improvement (%) 20.05 6.90 15.94
Ours (w/ Metric3D-Giant) 58.02 78.50 66.20
Rela. Improvement (%) 21.84 6.07 16.47

* The F-score is the summary measure of the overall reconstruction performance.
T Larger values indicate better performance.

3) Benchmarking on BlendedMVS: Unlike previous bench-
marks, BlendedMVS reports the endpoint error (EPE),
1-threshold error (e;), and 3-threshold error (es) to quan-
tify the depth estimation performance. For fine-tuning and
benchmarking, N is set to 5 with H x W = 576 x 768
by following common practices. Extensive experiments in
Table IV demonstrate that our method obtains the lowest
depth estimation error compared to recent learning-based MVS

TABLE III

QUANTITATIVE BENCHMARKING RESULTS ON THE ADVANCED SET OF
TANKS AND TEMPLES FOR EVALUATING POINT CLOUD RECONSTRUC-
TION PERFORMANCE (N = 11, H x W = 1080 x 1920,

HIGHER IS BETTER)

Mean Error Percentage on 8 Scenes

Type Methods Year
Precision 1 (%)  Recall 1 (%)  F-score* 1 (%)

MVE [64] 2015 15.21 24.62 18.28

= OpenMVG [65] + MVE [64] 2016 19.49 31.29 2293

£

S Pix4D [66] 2016 31.33 21.78 25.07

E Colmap [12] 2016 33.65 23.96 27.24

= VisualSfM [67] + OpenMVS [68] 2020 15.33 12.85 12.70
OpenMVG [65] + OpenMVS [68] 2020 23.74 13.29 21.85
R-MVSNet [14] 2019 3147 22.05 2491
AtMVS [27] 2020 40.58 27.26 31.93
PatchMatchNet [62] 2021 27.27 41.66 32.31
AA-RMVSNet [21] 2021 37.46 33.01 33.53
EPP-MVSNet [61] 2021 40.09 34.63 3572

- CDS-MVSNet [29] 2022 30.73 35.09 31.94

2 IterMVS [63] 2022 28.04 42.60 33.24

li, TransMVSNet [22] 2022 33.84 44.29 37.00

E UniMVSNet [23] 2022 33.76 47.22 38.96

E Vis-MVSNet [25] 2023 30.16 41.42 33.78
ET-MVSNet [24] 2023 33.44 51.83 40.41
GeoMVSNet [30] 2023 37.56 47.74 41.52
BH-RMVSNet [26] 2024 30.79 43.85 34.81
LCM-MVSNet [28] 2024 33.56 46.26 38.54
CasMVSNet [15] (Baseline) 2020 29.68 35.24 31.12
Ours 36.97 50.81 42.09
Rela. Improvement (%) 24.56 44.18 35.25
Ours (w/ Metric3D-Giant) 34.85 55.21 42.38
Rela. Improvement (%) 17.42 56.67 36.18

* The F-score is the summary measure of the overall reconstruction performance.

T Larger values indicate better performance.
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Fig. 6. Depth estimation results of recent learning-based methods [15], [22],
[30] and our approach, evaluated across scenes with varying scales, depth
ranges, geometry complexities, surface textures, and illumination conditions
from the BlendedMVS validation set.

methods. We qualitatively compare the depth estimates of our
method with those from recent learning-based MVS methods
[15], [22], [30] on the BlendedMVS validation set [19] as
shown in Fig. 6, where our method achieves more accurate
and complete depth estimation for small-scale to large-scale
scenes with varying depth ranges, geometry complexities,
surface textures, and illumination conditions. This qualitative
comparison corroborates the quantitative results in Table IV.

E. Ablation Experiments

1) Module Effectiveness and Efficiency: As shown in
Table V, we perform an ablation study on the DTU
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TABLE IV

QUANTITATIVE BENCHMARKING RESULTS ON THE BLENDEDMVS VAL-
IDATION SET FOR EVALUATING DEPTH ESTIMATION PERFORMANCE
(N=5,HxW=576 x 768, LOWER IS BETTER)

Mean Depth Error on 7 Scenes

Methods Year
EPE|l e ()] e3 ()l

MVSNet [13] 2018 1.49 21.98 8.32
CVP-MVSNet [59] 2020 1.90 19.73 10.24
EPP-MVSNet [61] 2021 1.17 12.66 6.20
CDS-MVSNet [29] 2022 1.80 22.88 9.28
TransMVSNet [22] 2022 1.05 13.74 547
UniMVSNet [23] 2022 1.17 11.27 4.96
TterMVS [63] 2022 0.87 12.15 4.48
ET-MVSNet [24] 2023 3.44 23.40 12.18
GeoMVSNet [30] 2023 2.37 23.20 11.76
Vis-MVSNet [25] 2023 1.56 21.68 8.36
LCM-MVSNet [28] 2024 1.02 10.15 4.54
CasMVSNet (Baseline) [15] 2020 1.43 19.73 10.24
Ours 0.77 9.54 3.96
Ours (w/ Metric3D-Giant) 0.62 7.11 3.27

+ Smaller values indicate better performance.

TABLE V

ABLATION STUDY OF EFFECTIVENESS OF EACH PROPOSED MODULE ON
THE DTU EVALUATION SET

Model Settings Mean Error Distance on 22 Scenes Computational Costs

Ada. Dep. Nor  Acc. | (mm)  Comp. | (mm) Overall* | (mm) Train/ Test Memory! (MB) Train / Test Runtime! (s)

(@ 0.359 (+0.0009)
® v 0.357 (+0.0001)
© v v 0.343 (+0.0008)
[ Vv 0354 (+0.0007)

0.339 (+0.0008)
0.314 (+0.0005)
0.272 (+0.0006)
0.246 (+0.0009)

0349 (+0.0009)
0335 (+0.0008)
0308 (-+0.0002)
0.300 (-+0.0008)

13449 / 4863
13507 / 4239
13653 / 4239
12709 / 10883

0.465 / 0.222
0.434 /0.185
0.456 / 0.185
047170241

* The overall score is the summary measure of the overall reconstruction performance.

* Smaller values indicate better performance.

f The batch size is set to 2 and 1 to measure the memory footprint in the train (H x W = 512 x 640) and test (H x W = 864 x 1152) mode.
*The batch size is set to 1 to measure the runtime in the train (H x W = 512 x 640) and test (H x W = 864 x 1152) mode.

evaluation set to verify the effectiveness and efficiency of the
proposed modules of our method, including 1) the cross-view
adaptive cost volume aggregation (Ada.) module, 2) the depth
consistency optimization (Dep.) module, and 3) the normal-
assisted depth hypotheses refinement (Nor.) module. The
experiments show that the Ada. module significantly enhances
overall reconstruction performance by considering per-view,
per-pixel visibility, outperforming the baseline method [15].
This improvement is attributed to the fact that, in contrast
to the baseline method which assigns equal weight to each
source view, the Ada. module dynamically infers per-view,
per-pixel visibility. By leveraging the fact that source views
closer to the reference view generally exhibit greater feature
overlap, the module provides more reliable photometric and
geometric cues. The Ada. module introduces a negligible
increase in memory usage during training and reduces memory
consumption during testing, while consistently accelerating
runtime performance. The Dep. module further improves
reconstruction accuracy and completeness, achieving state-of-
the-art performance by enhancing depth consistency in the
3D point space through the incorporation of ground-truth
depth cues from adjacent views. Notably, the Dep. module
incurs only a minimal increase in computational cost during
training. The Nor. module further enhances reconstruction

performance by refining depth hypotheses to ensure they are
geometrically smooth and consistent within local neighbor-
hoods. During training, the Nor. module reduces memory
consumption when combined with the classification loss-
based Dep. module, resulting in more consistent and compact
depth ranges. Although the Nor. module incurs additional
computational costs during testing due to the increased image
and normal resolution, its efficiency remains comparable to
existing methods [23], [26], [28], [59].

A qualitative comparison of the point cloud reconstructions
on the DTU evaluation set with different model configura-
tions is presented in Fig. 7. Scans 33 and 49 are selected
due to their intricate geometric structures, while scans 48
and 77 are chosen for their non-Lambertian, low-textured
surfaces subjected to bright lighting conditions. Fig. 7(a)
shows the incomplete point cloud reconstructions produced
by the baseline method [15]. Replacing the heuristic variance-
based cost volume aggregation with the proposed Ada. module
effectively achieves more complete and dense reconstructions,
as shown in Fig. 7(b). As shown in Fig. 7(c), the integration
of the proposed Dep. module further improves point cloud
completeness, particularly for scan 48, which contains low-
textured surfaces under bright light exposure. Fig. 7(d)—(f)
demonstrates the effectiveness of the proposed Nor. module
in improving reconstruction completeness, where (d), (e), and
(f) utilize surface normal maps predicted by the monocular
normal estimation networks Omnidata [57], Metric3D-Large
[69], and Metric3D-Giant [69], respectively. Notably, the
angular errors of the Metric3D models are lower than those of
Omnidata, with normal estimation accuracy improving from
left to right. The improved accuracy of the normal maps
leads to enhanced reconstruction performance. It should be
noted that the focus here is on point cloud completeness,
as highlighted in the qualitative comparison. The proposed
modules sequentially improve the accuracy and completeness
of the point cloud reconstruction compared to the baseline
method, as quantitatively verified in Table V.

2) Adaptive Cost Volume Aggregation: We conduct exper-
iments to compare the proposed cross-view adaptive cost
volume aggregation module with several existing methods
[13], [21], [25], [28], [70]. To ensure a fair comparison, all
methods are integrated into the baseline framework, CasMVS-
Net [15], a seminal work that introduced coarse-to-fine depth
estimation, enabling efficient high-resolution depth estimation
and point cloud reconstruction, and serving as the baseline for
state-of-the-art methods.

The variance-based aggregation [13] uses the squared dif-
ference to measure pairwise matching costs between the
reference-view and source-view feature volumes, treating each
source-view cost equally when aggregating them into the final
cost volume. However, it overlooks the varying significance
of different source views, as those closer to the reference
view typically provide more reliable cues for depth estimation.
The view-wise learnable cost metric [28] utilizes squared
difference, assigning a learnable parameter to the reference-
view cost and computing a normalized matching score to
weight each source-view cost, which are then adaptively
aggregated into the final cost volume. The voxel-wise adaptive
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(a) Baseline (b) Baseline w/ Adaptive (c) Ours w/o Normal

(d) Ours w/ Omnidata

(e) Ours w/ Metric3D-L (f) Ours w/ Metric3D-G (g) Ground Truth

Fig. 7. Qualitative comparison of point cloud reconstructions on the DTU evaluation set. (a) Baseline method [15]. (b) Baseline method with cross-view
adaptive cost volume aggregation. (c) Our method without normal-assisted depth hypotheses refinement. (d)-(f) Our method with normal-assisted depth
hypotheses refinement using normal maps from Omnidata [57], Metric3D-Large [69], and Metric3D-Giant [69], respectively. (g) Ground-truth point cloud.
The red box highlights the zoomed-in region, and the top-right number denotes the completeness error in mm, demonstrating the effectiveness of the proposed
modules for point cloud reconstruction. Note that the ground-truth point clouds provided by the structured light scanner are not always complete.

aggregation [70] method computes pairwise matching costs
based on the squared difference and learns a 3D mask for
each source-view cost, where each voxel contains a weight
for every pixel at each depth hypothesis, enabling the weighted
averaging of multi-view pairwise costs. The pixel-wise inter-
view adaptive aggregation [21] slices the reference-view and
source-view feature volumes along the depth dimension, using
the squared difference to compute pairwise matching costs,
and learns pixel-wise weights for each source-view cost map
to enable the weighted averaging of multi-view pairwise
costs into the final cost volume. Additionally, the pixel-
wise uncertainty-based aggregation [25] employs element-wise
multiplication to measure pairwise matching costs and gener-
ates an uncertainty map for depth estimation, derived from
the entropy of the probability distribution across all depth
hypotheses, which is used as a weight map for each source-
view pairwise cost. The weighted sum of multi-view pairwise
matching costs is then computed to form the final cost
volume.

In comparison, our method retains squared difference for
pairwise matching costs, as they inherently reflect feature

differences, and averages the pairwise costs along the color
channel dimension to improve computational efficiency. For
each source-view pairwise cost, a voxel-wise weight is first
estimated using a lightweight re-weighting network, and the
maximum weight along the depth dimension is then taken
to obtain per-view, per-pixel visibility. The final cost volume
is computed by aggregating the weighted sum of multi-
view pairwise costs, where the visibility map is applied
to mask each source-view pairwise cost while preserving
the original source-view pairwise cost. Experimental results
presented in Table VI, demonstrate that our method sur-
passes existing methods in reconstruction completeness and
overall performance, while maintaining efficient memory
usage and runtime consumption. Additionally, as illustrated
in Fig. 8, the qualitative visualization of per-pixel adaptive
visibility derived from adjacent source views emphasizes
the maximum similarity between the reference view and
the source views along the depth dimension, where the
whiter regions indicate higher visibility weights assigned to
the respective pixels, enabling more effective cost volume
aggregation.
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Fig. 8. Qualitative illustration of per-pixel adaptive visibility derived from
adjacent source views, highlighting the maximum similarity between the
reference view and source views along the depth dimension. The whiter

regions indicate higher visibility weights.

TABLE VI

COMPARISON OF DIFFERENT COST VOLUME AGGREGATION MODULES
FOR POINT CLOUD RECONSTRUCTION ON THE DTU EVALUATION SET

Methods Mean Error Distance on 22 Scenes

Ace. | (mm) Comp. | (mm) Overall* | (mm)
Variance-Based Aggregation [15] 0.359 (+0.0009) 0339 (+0.0008) 0349 (+0.0009)
View-Wise Learnable Cost Metric 28] 0.356 (-+0.0000) 0.323 (+0.0001) 0339 (++0.0005)
Voxel-Wise Adaptive Aggregation [70] 0360 (++0.0006) 0319 (+0.0002) 0339 (+0.0009)
Pixel-Wise Inter-View Aggregation [21] 0362 (++0.0004) 0.324 (+0.0006) 0343 (+0.0005)
Pixel-Wise Uncertainty-Based Aggregation [25]  0.363 (+0.0002) 0.359 (+0.0007) 0361 (+0.0005)
Ours 0357 (+0.0001) 0.314 (+0.0005) 0.335 (++0.0008)

Methods Computational Costs

Train Mcmmy‘ (MB)  Test Memory' (MB)  Train / Test Runtime* (s)

Variance-Based Aggregation [13] 13449 4863 0.465 /0222
View-Wise Learnable Cost Metric [28] 13725 9243 0.535 /0231
Voxel-Wise View Aggregation [70] 16005 5887 0.604 / 0.308
Pixel-Wise Inter-View Aggregation [21] 20635 4749 0.769 / 0.925
Pixel-Wise Uncertainty-Based Aggregation [25] 14917 6987 0.426 / 0.878

Ours 13507 4239 0.434 /0185

+ Smaller values indicate better performance.

T The batch size is set to 2 and 1 to measure the memory footprint in the train (H x W = 512 x 640) and test (H x W =

864 x 1152) mode.
¥ The batch size is set to 1 to measure the runtime in the train (H x W = 512 x 640) and test (H x W = 864 x 1152) mode.

3) Depth Consistency Optimization: The depth consistency
optimization module is influenced by two critical hyperpa-
rameters in computing the reference-view depth inconsistency
mask: the per-level point distance threshold ¢, which defines
the lower bound for depth inconsistency, and the number
of source views N, across which the backward projection
is performed and the reference-view depth inconsistency is
accumulated. We conduct ablation experiments on ¢ and Nj
to evaluate their impact on reconstruction performance.

Table VII presents the ablation results of the per-level point
distance threshold for point cloud reconstruction on the DTU
evaluation set. We first evaluate ¢ by setting it to 0.1, 0.2,
and 0.3 mm, maintaining a uniform threshold across coarse to
fine feature levels. The initial choice of around 0.2 is based
on a conservative estimate of the ground-truth point cloud
accuracy produced by the structured light scanner [18]. The
results demonstrate that our method, without normal-assisted
depth hypotheses refinement, achieves the best point cloud
reconstruction accuracy and completeness when a threshold
of 0.2 is applied uniformly across all levels. We further
experiment by setting ¢ to 0.3, 0.2, and 0.1 for the coarse,

TABLE VII

ABLATION STUDY OF POINT DISTANCE THRESHOLD FOR POINT CLOUD
RECONSTRUCTION ON THE DTU EVALUATION SET

Point Distance Threshold Mean Error Distance on 22 Scenes

(€0, €1,€2)t (mm) Acc. | (mm) Comp. | (mm)  Overall* | (mm)

(0.1, 0.1, 0.1) 0.351 (+0.0008)  0.274 (+0.0003)  0.313 (4-0.0001)
0.2,0.2,0.2) 0.343 (+0.0008)  0.272 (40.0006)  0.308 (4-0.0002)
(0.3,0.3,0.3) 0.344 (+0.0003)  0.286 (40.0003)  0.315 (4-0.0003)
(0.3,0.2,0.1) 0.344 (+0.0009)  0.278 (40.0003)  0.311 (4-0.0006)

T The number of source views N for depth consistency optimization module is set to 8.
* The overall score is the summary measure of the overall reconstruction performance.
4 Smaller values indicate better performance.

TABLE VIII

ABLATION STUDY OF NUMBER OF SOURCE VIEWS FOR POINT CLOUD
RECONSTRUCTION ON THE DTU EVALUATION SET

Number of Source Views Mean Error Distance on 22 Scenes

Nt Acc. | (mm)  Comp. | (mm)  Overall* | (mm)
4 0.351 (+0.0002)  0.269 (+0.0006)  0.310 (4-0.0004)
5 0.342 (+0.0001)  0.278 (+0.0008)  0.310 (+0.0005)
6 0.347 (+0.0008)  0.268 (+0.0009)  0.308 (+0.0004)
7 0.349 (+0.0002)  0.268 (+0.0002)  0.308 (+0.0007)
8 0.343 (+0.0008)  0.272 (+0.0006)  0.308 (+0.0002)

9 0.327 (+0.0007)  0.298 (+0.0007)  0.313 (4-0.0002)

T The point distance threshold ¢; for depth consistency optimization module is set to 0.2.
* The overall score is the summary measure of the overall reconstruction performance.
4 Smaller values indicate better performance.

middle, and fine feature levels, respectively. Specifically, we
increase the coarse-level threshold from 0.2 to 0.3, as coarse-
level depth estimation is less accurate, and reduce the fine-level
threshold from 0.2 to 0.1, as fine-level depth estimation is more
accurate. The overall reconstruction performance with varying
thresholds outperforms configurations where 0.1 and 0.3 are
applied uniformly across all levels but remains inferior to the
setting with a uniform threshold of 0.2.

Table VIII summarizes the ablation results of the number
of source views N, for point cloud reconstruction on the DTU
evaluation set. The number of source views Nj is incrementally
increased from 4 to 9. We start with Ny, = 4 because the
number of input images N is fixed at 5 during training and
benchmarking, following common practices in state-of-the-
art methods. With Ny = 4, only the remaining 4 adjacent
source views, relative to the reference view, are utilized. The
upper limit of Ny = 9 is set, as each reference view is
paired with a maximum of 9 adjacent source views after
view selection. The results show that the overall reconstruction
performance improves as N, increases up to 8, but deteriorates
at Ny = 9. This decline is likely due to occlusion and
scene content variations in the excessive views with lower
feature similarity, causing a significant drop in reconstruction
completeness. Based on these findings, we set ¢ = 0.2 and
N; = 8 for the proposed depth consistency optimization
module.

As shown in Fig. 9(a)-(b), we visualize the pointwise
distance error E}_. between the back-projected reference-
view points Xé and the aligned i-th source-view points Xf,
with darker regions indicating smaller errors. The distribution
evolution of this error is presented in Fig. 9(c), where the depth
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Fig. 9. Visualizations on the DTU training set to validate the effectiveness of the depth consistency optimization module. (a) Reference image Io.
(b) Pointwise distance error EéHi between the back-projected reference-view points Xé and the aligned i-th source-view points X;, where darker regions
indicate smaller errors. (c) Evolution of the distribution of E{)Hi, showing that the depth consistency optimization module drives the point error distribution

towards the threshold € = 0.2 during training. (d)-(e) Depth inconsistency masks Mf) at epochs 10 and 20, where dark regions correspond to pixels with point

errors within the threshold ¢. (f) Estimated depth map Dé,esl. (g) Absolute depth error map between Dé,est and Dé),gl’ where darker colors indicate smaller

errors. Note that the ground-truth depth map Dg ot 18 incomplete in certain regions, and figures (b), (e), (f), and (g) are obtained at the convergence epoch 20.

consistency optimization module drives the error distribution
toward the threshold ¢ = 0.2 during training. Moreover,
Fig. 9(d)-(e) shows depth inconsistency masks Mf) at inter-
mediate and converged epochs, where dark regions represent
pixels with errors within the threshold, demonstrating the
effectiveness of the depth consistency optimization module
in suppressing inconsistent depth values. Fig. 9(f)-(g) shows
that our method, even without encoding normal cues, achieves
accurate depth estimations across various scenes with varying
surface textures, geometric shapes, and lighting conditions.

4) Normal-Assisted Depth Hypotheses Refinement: We
conduct ablation experiments to systematically assess the
impact of normal accuracy on depth estimation and point
cloud reconstruction performance. We employ three pre-
trained monocular normal estimation networks: Omnidata
[57], Metric3D-Large [69], and Metric3D-Giant [69] to gen-
erate normal maps for the normal-assisted depth hypothesis
refinement module. These networks take the reference-view
image as input and produce progressively more accurate
normal maps, as indicated by the benchmark results in
Tables IX and X. The generated normal maps are inter-
polated to the original resolution of the input image and
normalized to the range [—1, 1]. For visualization, we use a
color-encoded representation of the normal maps, where the
RGB channels correspond to the X, Y, and Z components
of the normal vector, providing an intuitive interpretation of
surface orientations. A qualitative comparison of the normal
maps is presented in Fig. 10(b)-(d). The Metric3D variants

TABLE IX

ABLATION STUDY OF NORMAL ESTIMATION ACCURACY FOR DEPTH
ESTIMATION ON THE DTU VALIDATION SET

Methods Mean Depth Error on 18 Validation Scenes with 7 Lighting Conditions

MAE | (mm) MAEy | (%) MAE4 | (%) MAEsg | (%)
Ours w/o Normal 5.312 14.050 9.479 6.711
Ours w/ Ominidata [57] 5.839 13.713 9.517 7.078
Ours w/ Metric3D-Large [69] 5.533 12.540 8.692 6.570
Ours w/ Metric3D-Giant [69] 5.392 11.847 8.232 6.242
Methods Mean Normal Accuracy on ibims-1 Normal Benchmark

11.25° 1 (0-1)  22.5° 7 (0-1) ~ 30° 1 (0-1) Mean | (°)
Ominidata [57] 0.647 0.734 0.768 20.8
Metric3D-Large [69] 0.694 0.758 0.785 194
Metric3D-Giant [69] 0.697 0.762 0.788 19.6

4 Smaller values indicate better performance.
T Larger values indicate better performance.

generate more accurate normal vectors with fewer angular
errors and effectively handle low-light backgrounds, whereas
Omnidata overemphasizes surface details, leading to higher
angular errors.

We evaluate the impact of normal accuracy on depth estima-
tion performance using the DTU validation set, which provides
ground-truth depth maps for quantifying depth errors. The
results, summarized in Table IX, demonstrate that our method
with normal-assisted depth hypotheses refinement, when com-
pared to ours without normal-assisted refinement, leads to a
degradation in depth estimation quality, as evidenced by an
increase in the mean absolute error (MAE) between predicted
and ground-truth depth maps. This degradation is attributed
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(a) Input Image
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Fig. 10. Qualitative comparison of surface normal and depth maps on the DTU evaluation set. (a) Input image. (b)-(d) Surface normal maps estimated by
Omnidata [57] and the Large and Giant variants of Metric3D [69]. The Metric3D variants exhibit more accurate normal vectors with reduced angular errors.
(e) Depth maps predicted by our method without normal-assisted depth hypotheses refinement. (f)-(h) Depth maps with normal-assisted depth hypotheses
refinement, using normal maps from Omnidata, Metric3D-Large, and Metric3D-Giant, respectively.

TABLE X

ABLATION STUDY OF NORMAL ESTIMATION ACCURACY FOR POINT
CLOUD RECONSTRUCTION ON THE DTU EVALUATION SET

Methods Mean Error Distance on 22 Scenes

Acc. | (mm) Comp. | (mm) Overall* | (mm)

Ours 0.343 (+0.0008)
Ours w/. Ominidata [57] 0.354 (+0.0007)
Ours w/. Metric3D-Large [69] 0.350 (+0.0002)
Ours w/. Metric3D-Giant [69] 0.349 (4+0.0004)

0.272 (40.0006)
0.246 (40.0009)
0.237 (40.0001)
0.233 (+0.0008)

0.308 (+0.0002)
0.300 (40.0008)
0.293 (+0.0007)
0.291 (+0.0006)

Methods Mean Normal Accuracy on ScanNet Normal Benchmark

11.25° 1 (0-1) 22.5° 1 (0-1) 30° 1 (0-1) Mean | (°)
Ominidata [57] 0.629 0.806 0.847 15.1
Metric3D-Large [69] 0.760 0.885 0.923 9.9
Metric3D-Giant [69] 0.778 0.901 0.935 9.2

* The overall score is the summary measure of the overall reconstruction performance.
+ Smaller values indicate better performance.
T Larger values indicate better performance.

to angular errors introduced by the normal maps predicted
by the monocular normal estimation network. Notably, higher
normal accuracy correlates with lower MAE, highlighting the
sensitivity of depth estimation quality to normal accuracy.
Despite the MAE degradation, normal-assisted refinement
enhances depth consistency in local regions, reflected in the
reduction of MAE,, quantifying the percentage of absolute
errors greater than 2 mm. As normal accuracy improves, depth
estimation errors, including MAE, MAE,, MAE,, and MAEg,
are consistently reduced. Among these metrics, MAE and
MAE, are particularly indicative of the relationship between
depth estimation accuracy and point cloud reconstruction qual-
ity. Specifically, lower MAE leads to improved reconstruction
accuracy, while lower MAE, correlates with higher recon-
struction completeness, as shown in the comparison between
Table IX and Table X. Ultimately, our method achieves the
best overall reconstruction performance by leveraging normal
maps with the lowest angular errors.

The depth map comparison in Fig. 10(e)-(h) qualitatively
demonstrates the effectiveness of the proposed normal-assisted
depth hypotheses refinement module in improving depth esti-
mation quality and verifies that higher normal accuracy results
in more accurate depth estimation. Furthermore, the point
cloud comparison presented in Fig. 7(c)-(f) qualitatively val-
idates the proposed module’s ability to enhance point cloud
completeness, with the results showing that increased normal
accuracy leads to a more complete point cloud reconstruction.

5) Number of Input Views and Image Resolution: We con-
duct ablation experiments to evaluate the impact of the number
of input views, N, and image resolution, H X W, on the quality
of point cloud reconstruction, using our method with normal
maps generated by Metric3D-Giant. As shown in Table XI,
increasing the number of input views from 3 to 10 consistently
improves reconstruction accuracy, with the highest accuracy
achieved at N = 10. However, reconstruction completeness
exhibits a distinct trend: it initially improves, reaching a
peak at N = 7, before deteriorating as the number of views
increases further. This decline in completeness is primarily
due to redundant viewpoints, which cause occlusions and
excessive overlap, leading to ambiguities and inconsistencies
in the reconstructed geometry, ultimately reducing complete-
ness. Our method achieves the best overall performance by
maintaining an optimal balance between reconstruction accu-
racy and completeness. For quantitative benchmarking on the
DTU evaluation set, we set the number of input views to
N = 5, following standard practices for fair comparison.
Furthermore, when varying the image resolution from low to
high, our method attains the highest reconstruction accuracy,
completeness, and overall score at H x W = 864 x 1152, which
is the image resolution commonly adopted by state-of-the-art
methods in DTU benchmarking.
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TABLE XI

ABLATION STUDY OF NUMBER OF INPUT VIEWS N, PROBABILITY
THRESHOLD 7, NUMBER OF CONSISTENT VIEWS N., AND IMAGE
RESOLUTION H X W FOR POINT CLOUD RECONSTRUCTION ON THE
DTU TEST SET

Mean Error Distance on 22 Scenes

N 7 Ne HxW
Acc. | (mm) Comp. | (mm) Overall® | (mm)
3 0.366 (+0.0002)  0.252 (+0.0009)  0.309 (4-0.0006)
4 0.355 (+0.0003)  0.238 (4+0.0007)  0.297 (+0.0000)
5 0.349 (+0.0004)  0.233 (4+0.0008)  0.291 (+0.0006)
6 00 2 seixilsy 0350 (H0.0000) 0231 (+0.0002) 0290 (+0.0006)
7 0.347 (+0.0009)  0.229 (4+0.0001)  0.288 (+0.0005)
8 0.345 (+0.0005)  0.235 (4+0.0002)  0.290 (+0.0004)
9 0.343 (+0.0008)  0.232 (+0.0000)  0.287 (4-0.0009)
10 0.342 (+0.0008)  0.233 (4+0.0007)  0.288 (+0.0003)
576 x 768 0.349 (+0.0005)  0.257 (4+0.0000)  0.303 (+0.0003)
5 00 2 864 x 1152 0.349 (4+0.0004)  0.233 (+0.0008)  0.291 (+0.0006)
1152 x 1536 0.350 (++0.0008)  0.234 (+0.0003)  0.292 (+0.0006)
0.0 0.349 (+0.0004)  0.233 (+0.0008)  0.291 (40.0006)
0.1 0.339 (+0.0005)  0.244 (4+0.0003)  0.291 (+0.0009)
0.2 0.326 (+0.0001)  0.270 (4-0.0003)  0.298 (+0.0002)
5 03 2 864x1152 0310 (+0.0004)  0.307 (+0.0008)  0.309 (+0.0001)
0.4 0.292 (+0.0000)  0.381 (4+0.0006)  0.336 (+0.0008)
0.5 0.272 (+0.0002)  0.500 (+0.0003)  0.386 (40.0003)
0.6 0.250 (+0.0009)  0.679 (4+0.0009)  0.465 (+0.0004)
2 0.349 (+0.0004)  0.233 (+0.0008)  0.291 (+0.0006)
3 0.300 (+0.0004)  0.302 (4+0.0005)  0.301 (+0.0005)
5 0.0 4 864 x 1152 0.268 (40.0004)  0.404 (4-0.0000) 0.336 (+0.0002)
5 0.244 (+0.0007)  0.561 (4+0.0002)  0.403 (+0.0000)
6 0.226 (+0.0005)  0.784 (4+0.0001)  0.505 (+0.0003)

* The overall score is the summary measure of the overall reconstruction performance.
L Smaller values indicate better performance.

6) Point Cloud Fusion: Recall that we adopt the fusible
method, in line with most state-of-the-art methods, to fuse
multi-view depth maps into dense point cloud reconstruction,
where the probability threshold 7 and the number of consistent
views N, are used to eliminate depth outliers and reduce multi-
view geometric inconsistencies, respectively. As 7 increases
incrementally from 0.0 to 0.6, our method achieves higher
reconstruction accuracy but lower reconstruction complete-
ness. Similarly, as N, increases from 2 to 6, reconstruction
accuracy improves while completeness decreases. This behav-
ior is expected, as higher values of v and N, result in the
exclusion of more potentially valid depth estimations. Our
method achieves the best overall reconstruction quality when
7 =0.0 and N, = 2, indicating that our method is less reliant
on depth map filtering after multi-view depth estimation, as
our depth consistency optimization module checks for depth
inconsistencies during learning by explicitly encoding adja-
cent source-view ground-truth depth cues and geometrically
constraining the depth optimization process directly in the 3D
point space.

F. Memory and Runtime Consumption

As shown in Table XII, we conduct a systematic com-
parison of the proposed GE-MVS method with several
recent state-of-the-art learning-based MVS methods, including
AA-RMVSNet [21], TransMVSNet [22], UniMVSNet [23],
Vis-MVSNet [25], CDS-MVSNet [29], and GeoMVSNet [30].
The comparison encompasses key performance metrics such
as model parameters, memory footprint, and inference runtime

TABLE XII
COMPARISON OF MEMORY AND RUNTIME CONSUMPTION

Computational Costs

Methods #Params

Train Memory1 (MB)  Test MemoryT (MB)  Train / Test Runtime? (s)

AA-RMVSNet [21] 187203 20349 8387 1.463 / 23.526
TransMVSNet [22] 1148924 20492 5012 0.769 / 0.558
UniMVSNet [23] 934375 16810 9428 0.424 /0.324
Vis-MVSNet [25] 1162696 14917 6987 0.426 / 0.878
CDS-MVSNet [29] 981622 8800 9024 0.297 / 0.284
GeoMVSNet [30] 15306124 17512 9550 0.666 / 0.303
Ours 1164107 12709 10883 0.471/0.241

+ Smaller values indicate better performance.

 The batch size is set to 2 and 1 to measure the memory footprint in the train (H x W = 512 x 640) and test
(H x W = 864 x 1152) mode.

1 The batch size is set to 1 to measure the runtime in the train (H x W = 512 x 640) and test (H x W =
864 x 1152) mode.

TABLE XIII

TRADE-OFF EXPERIMENTS BETWEEN PERFORMANCE AND EFFICIENCY ON
THE DTU EVALUATION SET

Mean Error Distance on 22 Scenes Computational Costs

HxW
Acc. | (mm) Comp. | (mm)  Overall* | (mm) Memnry* (MB) Runtime! (s)
576 x 768 0.349 (+0.0005)  0.257 (+0.0000)  0.303 (+0.0003) 6159 0.107
864 x 1152 0.349 (4+0.0004)  0.233 (+0.0008)  0.291 (40.0006) 10883 0.241
1152 x 1536 0.350 (40.0008) ~ 0.234 (4+0.0003)  0.292 (+0.0006) 15201 0.423

* The overall score is the summary measure of the overall reconstruction performance.
4 Smaller values indicate better performance.
T The batch size is set to 1 to measure the memory footprint and runtime in the test mode.

during both the training and testing phases. The results demon-
strate that our method exhibits a competitive memory footprint
and achieves the highest test runtime relative to other methods,
while preserving superior depth estimation and reconstruction
accuracy and completeness, as validated in Tables I to IV.

As presented in Table XIII, we conduct trade-off exper-
iments to analyze the balance between point cloud recon-
struction quality and computational efficiency, focusing on
the impact of varying input image resolution. We evaluate
three resolutions: low (576 x 768), medium (864 x 1152),
and high (1152 x 1536). The results demonstrate that our
method consistently maintains robust reconstruction accuracy
and completeness across these variations. Notably, optimal
reconstruction quality is achieved at the medium resolu-
tion, striking a balance between reconstruction fidelity and
computational efficiency, with the highest performance while
maintaining a reasonable memory footprint and competitive
runtime consumption.

V. REAL-WORLD EXPERIMENTS

We compare the proposed GE-MVS method with preva-
lent industrial reconstruction solutions [12], [66], [71] and
recent learning-based MVS methods [22], [30] using real-
world underwater, indoor, and outdoor scenes, which vary
in scattering media (air vs. water), illumination conditions,
texture richness, and geometric complexity. Specifically, 42
images (H x W = 720 x 1280) of an underwater scene were
captured with a GoPro Herol2 Black at a depth of 10 meters
in Puerto Galera Island, Philippines. Additionally, 301 images
(H x W = 1080 x 1920) of an indoor scene were collected
from the advanced set of the Tanks and Temples dataset [20],
and 189 images (H x W = 1200 x 1600) of a low-textured
outdoor scene were acquired using a self-developed UAV in
Shangshui, Hong Kong SAR, China. As shown in Fig. 11, our
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Fig. 11. Comparison of point cloud reconstruction results for real-world underwater, indoor, and outdoor scenes with varying scattering media, illumination
conditions, and surface textures. In comparison to industrial reconstruction solutions such as DJI Terra [71], Pix4D [66], and COLMAP [12], as well as
recent learning-based methods like TransMVSNet [22] and GeoMVSNet [30], our method produces more complete and denser reconstructions efficiently. The
top-right and bottom numbers show the MVS processing time (in seconds) and the number of points in the entire scene (in millions), respectively.

method outperforms industrial solutions such as DJI Terra [71]
(V4.4.6), Pix4D [66] (V4.5.6), and COLMAP [12] (V3.12.0),
as well as recent learning-based methods like TransMVSNet
[22] and GeoMVSNet [30], producing more complete and
denser reconstructions with superior efficiency. Notably, we
exclude the structure-from-motion processing time from all
methods, focusing solely on MVS processing time. All exper-
iments were conducted on a system equipped with an NVIDIA
RTX 4090 GPU and an AMD Ryzen 9 7950X CPU. The
superiority of GE-MVS over industrial solutions and recent
learning-based methods is quantitatively verified in Table II
and Table III.

VI. LIMITATIONS

While our method achieves competitive performance across
a variety of benchmarks, it still presents certain limitations. In
particular, similar to other learning-based MVS approaches, its
effectiveness is sensitive to several hyperparameters, includ-
ing the number of input views, the input image resolution,
the probability threshold for depth selection, and the mini-
mum number of consistent views required for reliable fusion.
Improper configuration of these parameters can lead to subop-
timal reconstruction, particularly in challenging scenarios with
severe occlusions or complex surface geometries.

In addition, the refinement stage relies on accurate sur-
face normals that satisfy the geometric constraint in Eq. 14.
Inaccurate normal vectors can generate erroneous depth can-
didates, ultimately compromising depth estimation and the
quality of the reconstructed point cloud. As illustrated in
Fig. 10, Scans 48 and 77 exhibit noticeable depth errors near
object boundaries, caused by inaccurate normal predictions
(highlighted in red boxes) from the monocular estimation
network Omnidata [57]. This network tends to overemphasize
fine surface textures, resulting in increased normal angular
errors. A potential mitigation strategy involves computing
ground-truth normal maps from ground-truth depth maps using
least squares plane fitting, followed by bilateral filtering to

suppress noise while preserving edges. However, this approach
is constrained by the incompleteness of ground-truth depth
maps, which can lead to missing or sparse normal supervision.
To address these limitations, future work will focus on
enhancing the robustness of our approach through multi-view
depth scale consistency optimization [72] and the integration
of geometry-consistent priors via multi-view calibration [73].
Moreover, we plan to explore improved normal supervision
strategies, including multi-view normal fusion and weakly
supervised constraints derived from photometric or geometric
consistency, as well as joint optimization of depth and normal
estimation within an end-to-end framework. These directions
hold promise for mitigating the impact of noisy or inconsistent
surface normals, especially in complex real-world scenarios.

VII. CONCLUSION

In this paper, we have presented the GE-MVS to strengthen
the geometric cues encoding during network learning for
more accurate and complete depth estimation and point cloud
reconstruction. Extensive experiments on three standard MVS
benchmarks, including DTU, Tanks and Temples, and Blend-
edMVS demonstrate the state-of-the-art depth estimation and
reconstruction performance of GE-MVS. Systematic ablation
experiments validate the effectiveness and efficiency of each
component of the proposed method. Real-world experiments
for UAV-based large-scale reconstruction witness the gener-
alization ability and superiority of GE-MVS over prevalent
industrial reconstruction solutions. Our method enables accu-
rate, complete, and scalable dense point cloud reconstruction
for scenes ranging from small-scale to large-scale.
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