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Abstract

In this paper, we introduce Segmentation-Driven Deforma-
tion Multi-View Stereo (SD-MVS), a method that can effec-
tively tackle challenges in 3D reconstruction of textureless
areas. We are the first to adopt the Segment Anything Model
(SAM) to distinguish semantic instances in scenes and fur-
ther leverage these constraints for pixelwise patch deforma-
tion on both matching cost and propagation. Concurrently, we
propose a unique refinement strategy that combines spherical
coordinates and gradient descent on normals and pixelwise
search interval on depths, significantly improving the com-
pleteness of reconstructed 3D model. Furthermore, we adopt
the Expectation-Maximization (EM) algorithm to alternately
optimize the aggregate matching cost and hyperparameters,
effectively mitigating the problem of parameters being ex-
cessively dependent on empirical tuning. Evaluations on the
ETH3D high-resolution multi-view stereo benchmark and the
Tanks and Temples dataset demonstrate that our method can
achieve state-of-the-art results with less time consumption.

Introduction

Multi-view stereo (MVS) is a technique that employs images
to reconstruct 3D objects or scenes. Its application spans var-
ious fields, including autonomous driving (Orsingher et al.
2022), augmented reality (Cao et al. 2021), and robotics (Li,
Gogia, and Kaess 2019).

Recently, PatchMatch-based methods (Schonberger et al.
2016; Xu and Tao 2019; Lee et al. 2021) exhibits remark-
able capabilities in sub-pixel reconstruction for large-scale
imagery while being reliable for unstructured image set.
These methods typically initiate by computing the matching
cost of fixed patches between images, then proceeding with
propagation and refinement for accurate depth estimation.
Nonetheless, they typically encounter difficulties in texture-
less areas where the absence of texture results in unreli-
able depth estimations. To address this issue, several tech-
niques have been introduced, including plane prior (Xu and
Tao 2020), superpixel-wise planarization (Romanoni and
Matteucci 2019), epipolar geometry (Xu et al. 2020) and
confidence-based interpolation (Li et al. 2020). Yet when
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Figure 1: Comparative analysis of patch deformation strate-
gies between APD-MVS and our approach. APD-MVS (a)
selects green anchor pixels from pixels characterized by sim-
ilar colors but may have inconsistent depths to help recon-
struct central red pixel, leading to potential inaccuracy. Con-
versely, our method (b) utilizes neighboring pixels inside the
segmentation boundary for reconstruction.

facing large textureless areas, these methods perform unsat-
isfactory and leave room for further improvement.

Differently, learning-based methods leverages network to
build learnable 3D cost volumes and thereby ameliorating
the reconstruction quality. Several methods (Yao et al. 2019;
Yan et al. 2020) attempt to employ the gated recurrent unit
(GRU) to provide a more rational interpretation in recon-
struction, while this often leads to unaffordable time and
memory cost. Others (Su and Tao 2023) try to utilize resid-
ual learning module to refine depth estimates by rectify-
ing the upsampling errors. Yet, such networks typically lack
generalization when facing scenes different from training
datasets, posing challenges for their practical application.

Edges in the color image are usually consistent with depth
boundaries. Thus, edge information plays a pivotal role in
both computation of PatchMatch and construction of 3D
cost volumes. Nonetheless, problems like shadows and oc-
clusions in complicated scenes tend to weaken the linkage
between edge and depth boundaries. Consequently, several
methods (Yuesong Wang et al. 2023) struggle to harness
edge information effectively, often skipping edges and con-
sequently calculating regions with inconsistent depth, lead-
ing to detail distortion, as shown in Fig. 1. Additionally,
certain superpixel segmentation approaches (Kuhn, Lin, and
Erdler 2019) face challenges in precisely segmenting edges
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and lack semantic information to broaden receptive field.
Differently, as an instance segmentation model, the Segment
Anything Model (SAM) (Kirillov et al. 2023) can subtly mit-
igates the aforementioned disturbances, thereby segmenting
instances with different depths across diverse scenes.

Therefore, we introduce SD-MVS, a PatchMatch-based
method that integrates SAM-based instance segmentation
to better exploits edge information for patch deformation.
Specifically, we first employ the instance segmentation re-
sults derived from SAM to adaptively deform the patches for
matching cost and propagation, thereby accommodating the
distinct characteristics of different pixels. Moreover, we em-
ploy multi-scale matching cost and propagation scheme to
extract diverse information, addressing the challenges posed
by textureless areas. To optimize memory consumption, we
introduce an architecture promoting multi-scale consistency
in parallel, consequently reducing the program’s runtime.

Moreover, we propose the spherical gradient refinement
to optimize previous refinement strategies. Concerning with
normal refinement, we randomly select two orthogonal unit
vectors perpendicular to the current normal for perturbation
and incorporate gradient descent to further refine pertur-
bation directions in subsequent rounds, thereby improving
the accuracy for each hypothesis. Regarding depth refine-
ment, we adopt pixelwise search interval derived from the
deformed patch for local perturbations.

Furthermore, we introduce an EM-based hyperparameter
optimization to address the issue of empirical determination
of hyperparameters in existing methods. By alternately opti-
mizing the aggregated cost and the hyperparameters, we im-
plement an excellent strategy for automatic parameter tun-
ing, thereby facilitating a balanced consideration against di-
verse information. Evaluation results on the ETH3D and the
Tanks and Temples benchmarks illustrate that our method
surpasses the existing state-of-the-art (SOTA) methods.

In summary, our contributions are as follows:

* Based on SAM segmentation, we propose an adaptive
patch deformation with multi-scale consistency on both
matching cost and propagation to better utilize image
edge information and memory cost.

e We introduce the spherical gradient refinement, which
leverages spherical coordinates and gradient descent on
normals and employs pixelwise search interval to con-
strain depths, thereby enhancing search precision.

* We propose the EM-based hyperparameter optimization
by adopting the EM algorithm to alternately optimizing
the aggregate cost and the hyperparameters.

Related Work

Traditional MVS Methods Traditional Multi-View
Stereo (MVS) algorithms can primarily be classified into
four categories (Seitz et al. 2006): voxel-based methods
(Vogiatzis et al. 2007), surface evolution-based methods
(Cremers and Kolev 2011) , patch-based methods (Bleyer,
Rhemann, and Rother 2011), and depth-map based methods
(Yao et al. 2019). Our methodology aligns with the last
category, where depth maps are generated from images and
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their corresponding camera parameters, further leading to
point cloud construction via fusion. Within this category,
PatchMatch-based methods are the most well-known
subclass. Numerous innovative PatchMatch-based methods
have been proposed and accomplished a great enhancement
in both accuracy and completeness. ACMM (Xu and Tao
2019) uses multi-view consistency and cascading structure
to tackle reconstruction of textureless areas, while sub-
sequent works such as ACMMP (Xu et al. 2022) further
introduce a plane-prior probabilistic graph model and thus
provide plane hypothesis for textureless areas. In contrast,
TAPA-MVS (Romanoni and Matteucci 2019) and PCF-
MVS (Kuhn, Lin, and Erdler 2019) employ superpixel for
image segmentation and planarization of textureless areas.
However, the reconstruction performance in textureless
areas is contingent upon the actual segmentation and fitting
of the superpixels. CLD-MVS (Li et al. 2020) incorporate
a confidence estimator to interpolate unreliable pixels, but
their definition way of the confidence makes the result
susceptible to occlusion and highlights. MAR-MVS (Xu
et al. 2020) leverages epipolar geometry to determine the
optimal neighborhood images and scale for pixels, yet
its fixed patch size limits its adaptability across various
application scenarios. APD-MVS (Yuesong Wang et al.
2023) employs patches with adaptive deformation strategy
and pyramid architecture, but the time consumption of its
iterative process poses a challenge in large-scale datasets.

Learning-based MVS Methods Unlike traditional MVS
methods that suffer from hand-crafted image features,
learning-based MVS methods typically leverage convolu-
tional neural networks to extract high-dimensional image
features, thereby enabling a more rational 3D reconstruction.
MVSNET (Yao et al. 2018) has pioneered the construction
through introducing differentiable 3D cost volumes using
deep neural network, enabling numerous methods for fur-
ther research. Certain classic multi-stage methods, includ-
ing Cas-MVSNet (Gu et al. 2020), utilize a coarse-to-fine
strategy to refine and upscale depth from low-resolution,
thereby reducing the cost volumes while expanding the re-
ceptive field. In terms of memory reduction, several methods
like Iter-MVS (Wang et al. 2022a) leverage GRU to regulate
the 3D cost volumes along the depth direction. Concerning
feature extraction, AA-RMVSNET (Wei et al. 2021) aggre-
gates multi-scale variable convolution for adaptive feature
extraction. Additionally, MVSTER (Wang et al. 2022b) in-
tegrates the transformer architecture into MVS tasks to cap-
ture multi-dimensional attention feature information. De-
spite these advancements, it is worth noting that numerous
learning-based MVS methods risk severe degradation when
applied to target domains that deviate from the training set.

Method
Given a series of input images I = {[;|i = 1,..., N}, each
one with specific camera parameters P, = {K;, R;,C;}.

Our goal is to estimate the depth map D, for each image
and subsequently merge them into a 3D point cloud. Fig. 2
illustrates our overall pipeline, specific design of each com-
ponent will be detailed in subsequent sections.
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Figure 2: An illustrated pipeline of our proposed method. Images with multi views are initially downsampled and further
allocated into our multi-scale architecture. Through leveraging the SAM-based segmentation, we carry out patch deformation
on the matching cost to gain multi-scale matching costs Cy,,. By integrating C,,s with the projection color error Cj,. and
the reprojection error C,,,, the aggregated cost is acquired. Then we again employ the SAM-based segmentation for patch
deformation in propagation, succeeded by load-balancing within each search domain. Subsequently, we alternately iterates
spherical gradient refinement on normals and pixelwise search interval on depths for enhanced accuracy. Finally, we employ
EM-based optimization for the hyperparameter tuning of wp, s, Wyp, Wy and reassign them for the next iteration procedure.

office
Figure 3: Comparative analysis of patch deformation strate-
gies between the SAM-based instance segmentation and the
Canny edge detection on partial scenes of ETH3D dadaset
(office and kicker). From top to bottom, (a), (b) and (c) re-
spectively show the original images, the SAM-based seg-
mentation results and the Canny edge detection results. Rep-
resentative areas in red boxes illustrate the advantages of
SAM-based segmentation over Canny edge detection.
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Why Using Segment Anything Model?

The Segment Anything Model (SAM) can effectively dis-
criminate between different instances, extracting subtle edge
while neglecting strong illumination disturbances. To vali-
date its effectiveness, we conduct the SAM-based instance
segmentation and the Canny edge detection for patch defor-
mation on partial scenarios of ETH3D datasets.

As shown in Fig. 3, when confronting with scenarios char-
acterized by extensive similar colors and occlusion like of-
fice, SAM can effectively separate edges that exhibit sim-
ilar colors on both sides with inconsistent depths, whereas
Canny edge detection simply ignores them. Additionally,
textureless areas like floors and walls in kicker can be ef-
fectively separated into different instances through SAM
segmentation without illumination interference. In contrast,
Canny edge detection incorrectly detects these illumination
areas as edges, adversely affecting patch deformation.

Segmentation-Driven Patch Deformation

Patch Deformation on Matching Cost Some recent
methods (Wang et al. 2021; Yuesong Wang et al. 2023) at-
tempt to leverage patch deformation to improve matching
cost or propagation scheme. As shown in Fig. 1, due to
their insufficiency in exploiting edge information, they of-
ten cross boundary and reference areas with discontinuous
depths, thereby yielding unsatisfactory results, especially
when confronting with scenarios characterized by extensive
similar colors and occlusions like forests and farmlands.
Simultaneously, superpixel-based segmentation approaches
(Romanoni and Matteucci 2019) also struggle in precisely
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Figure 4: Patch deformation on matching cost. (a) is the
matching cost scheme from ACMMP, (b) shows the distance
of each directions and (c) illustrates the deformed patch.

recognizing certain critical edges within these scenarios.
They also lack instance semantic information to broaden re-
ceptive field, thereby meet pixelwise characteristic.

SAM segmentation can mitigate this issue as it separates
different instances to extract subtle edges information while
neglecting robust illumination disturbance. Consequently,
we can leverage instance segmentation to better exploit and
further introduce edge information into patch deformation.
Specifically, we perform instance segmentation using SAM
for input image I; to generate masks for diverse instances,
denoted as F. Hence we have M = F(I;), where M is an
image mask whose size is consistent with ;.

For each pixel p, we compute the bilateral weighted
adaption of normalized cross correlation score (NCC)
(Schonberger et al. 2016) between reference images I; and
source image I;, which can be calculated as follows:

cov (W;, Wg,)

\/ cov (Wi, Wi) cov (WZ, W{,)

where cov is weighted covariance, W;, and Wg are respec-
tively the corresponding images patches on image I; and I;.
The goal of minimizing the matching cost is to obtain the
optimal matching depths via the computation of color differ-
ences. However, when objects with varying depths exhibit
similar colors, they are susceptible to generating matching
inaccuracies, as shown in Fig. 4(a). Therefore, we introduce
patch deformation to compute matching cost upon the sam-
ple patch W intersecting with different instances.
Specifically, we first measure the distances from the cor-
responding central pixel p to the left, right, lower and upper
boundaries of M, denoted respectively as d;, d.., dq, and d,,.
Then we can deform the shape of W to match these bound-
aries. The new shape of deformed patch can be defined as:

[ di +d, dq + dy, L] )
di+dp+dg+dy " di+de+dg+dy
where L denotes the side length of the square patch before
patch deformation. Additionally, we reposition the patch’s
center by adding an offset:

Lv)

dl - dT dd - du

A = , 3
o) (dm—dT "4+ dy ©)
where L;, and L, are respectively the horizontal and verti-

cal length of deformed patch. The new center of the sample
patch now becomes p + Ao(p).

p(p,W}) )

6874

(a)

(b) (c)

Figure 5: Patch deformation on propagation. (a) is the prop-
agation pattern of ACMMP, (b) depicts the length of each
propagation branch, and (c) illustrates different search do-
mains with different colors.

Both patch deformation and center offset allow pixels po-
sitioned at boundary regions to orient their patches more in-
tensively towards the center of its own instance. Enhancing
the receptive field for homogenous pixels in such approach
can yield more robust results, consequently reducing poten-
tial errors in estimation. Note that considering the runtime,
we restrict the number of calculations for each window such
that the number of calculations after deformation never sur-
passes the initial total number (L /2)2.

Patch Deformation on Propagation After SAM-based
instance segmentation, pixels within the same instance typ-
ically exhibit similar depths, whereas noticeable depth dis-
continuities frequently arise at the boundaries between in-
stances. Considering that propagation involves updating po-
tential depths and normals within the surrounding area for
each pixel, depth discontinuities will inevitably impact prop-
agation. Consequently, we leverage patch deformation to
adaptively alter the propagation scheme.

The adaptive checkerboard propagation scheme (Xu and
Tao 2019) is conducted by introducing the optimal hypothe-
ses from four near and four far search domains, as illustrated
in Fig. 5 (a). However, his search domain between two ad-
jacent diagonal directions is too dense, which leads to an
imbalanced search space density and a risk of selecting re-
dundant values. Hence we modify its oblique direction into
a straight line extending to the corner of each patch.

Subsequently, we propose patch deformation on propaga-
tion via SAM, which adjusts the propagation patch shape
and direction for each pixel. As illustrated in Fig. 5 (b), we
adapt the propagation directions according to the shape of
the surrounding mask. Specifically, denoting ;, I, l4, and [,,
as the length from the central pixel p to the left, right, lower
and upper edges of the patch, respectively, we obtain:

du dl
l, = Lyl = L 4
dy + dg di+d. " @
Both [, and [z can be obtained similarly. Therefore, the
directions and lengths of slanted branch [,; is given by:

l
Lu = \/1.® + 1}%, oty = arctan (l_u>

l

)
l

where [,,; refers to the length of the up-right branch, and v,
represents the angle between the upward branch and the up-
right branch. Corresponding lengths and directions of other
three slanted branches can be obtained similarly.
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Figure 6: Different design architectures between ACMMP
and our method. (a) illustrates the cascading network ar-
chitectures employed in ACMMP, whereas (b) depicts our
method with multi-scale architecture.

Having adjusted all directions and lengths, we encounter
another challenge: the searching domain for each branch is
unbalanced. Since the process of selecting a pixel with the
minimal cost is essentially a spatial neighborhood search,
an imbalance will emerge due to the different length of
branches. The search along a shorter branch is suffered from
unreliable results due to its minor search domain.

To address this, we accordingly modify the searching
strategy in the propagation scheme, as shown in Fig. 5 (c).
Specifically, we employ eight different colors to depict sep-
arate search domains on the eight directions centered on p.
Instead of taking the central pixel p as the dividing point,
we use the midpoint of the sum of the lengths of two oppo-
site branches to divide the search domain. In experiments,
pixels with the same color are grouped into the same do-
main, with CUDA operators balance the load of searching
for minima within each color-specific region. Therefore, our
proposed strategy ensures load-balance across all directions
and allows for faster convergence.

Multi-scale Consistency Many conventional methods
adopt cascading architectures by sequentially loading differ-
ent scales of images into GPU, as shown in Fig. 6 (a). This
may result in a time-consuming performance due to the lim-
ited transfer speed between CPU and GPU. Therefore, we
draw inspiration from mipmap (Williams 1983) in computer
graphics, a technique to load different scales of images in
parallel at once, to replace the previous cascading architec-
ture into our proposed parallel architecture.

Specifically, we first perform image downsampling in the
CPU. Subsequently, multi-scale images are assembled and
loaded together into the GPU, as depicted in Fig. 6 (b). Then
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multi-scale images are processed together through match-
ing cost, propagation and refinement in the GPU. Finally, all
predicted depth images are transferred back into the CPU.
Denoting the maximum memory consumption of ACMMP
cascading architectures as o, and the number of memory
read operations as k, this technique enables us to load all
scales of images in the GPU memory at a reasonable cost of
%0’ instead of sequentially loading images, thereby eliminat-
ing the need for £ — 1 additional memory read operations.

Based on this architerture, we further introduce multi-
scale consistency on matching cost and propagation. Re-
garding matching cost, we first apply SAM segmentation on
the k-th level downsampled image. Based on segmentation
results, we construct deformed patch and further compute k-
th level matching cost, denoted as c. Therefore, the multi-
scale matching cost is given by:

_ 2k Ck
Cos = = 6)

Concerning with propagation, the multi-scale consistency
aggregates the search domain for all scales in each direction,
yielding a total of eight distinct search domains. Conclu-
sively, eight values with the lowest cost within each domain
are chose as new hypothesis for further computation.

Aggregated Cost During the patch-matching phase, we
consider not only the multi-scale matching cost Cp,s, but
also the reprojection error C;,, and the projection color gra-
dient error Cy,.. Cyp, proposed in ACMMP validates depth
estimation from geometric consistency. C),. measures color
consistency between current pixel p; in reference image I;
and its corresponding pixel p; in source images I;:

Cpe = max {||VI; (p;) — VI; (ps)||, 7} %)

where V represents the Laplacian Operator, p; denotes pixel
in image I; the projected by pixel p; in I;, and 7 is the trun-
cation threshold to robustify the cost against outliers. With
these terms, our the aggregated costs C,4 can be given by:

(®)

where Wy, Wrp, and wy,. respectively represent the aggre-
gation weights of each component.

Cag = wmscms + wrpcrp + wpccpc

Spherical Gradient Refinement

Two types of refinement strategies are adopted in ACMMP:
1. Local perturbations, which is the local search conduct
by perturbing the current depth and normal with a small
value; 2. Random selection, which achieves global search
to suit potential depth discontinuities by assigning a ran-
dom value. Since the edge information has already been seg-
mented out through SAM, we only need to consider local
perturbations. Given depth d and normal n = (n,,ny,n.)
in Cartesian coordinates, new depth d’ and normal n’ after
the local perturbation can be defined by:

d <« d+dq4 ©)
n' < VN (ng + 0z, ny + 0y, 1. +0)
where VN is a normalization function ensuring ||n’|| = 1,

and ¢ denotes a random value chosen from a fixed interval.
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Figure 7: Spherical Gradient Refinement Procedure. (a) il-
lustrates the rotation from n to n’, (b) illustrates the rotation
from n’ to n”. (¢) respectively indicates two old and new or-
thogonal perturbation directions e1, e and €], €.

However, the strategy is incompatible with the definition
of normal. It introduces a higher sensitivity to axes with
smaller values during the search process, resulting in an un-
equal ratio of change on xyz axes. Therefore, we propose the
spherical gradient descent refinement, which utilize a struc-
tured representation to converge more accurate hypotheses.

Spherical Coordinate As shown in Fig. 7, given the nor-
malized normal, we first randomly choose two orthogonal
vectors, e; and eg, perpendicular to the normal n as the per-
turbation direction. We then use the angles 0; and 65 as the
degree of rotation for iterative refinement. The normal first
undergoes a counterclockwise rotation by 8, degrees around
e as the rotation axis. Subsequently, the normal is further
rotated counterclockwise by 6, degrees around e5 as the ro-
tation axis. According to Rodrigues’ rotation formula, the
ultimate updated normal n” is given by:

(10)

n' = cosl - n + sindy(ex X n)
n' = cosby - n' + sinfz(es x n')

This is analogous to sliding a vertex directed by the normal
on the surface of a sphere, which ensures the preservation of
normalization for the normal vector both before and after ro-
tation. By finding two orthogonal bases perpendicular to the
normal for refinement, it can be ensured that perturbations
in each direction are equivalent. This approach aligns more
closely with the geometric essence of the normal, which is
defined on a sphere rather than individual axes in the zyz
coordinate system. As a result, our approach boosts the ro-
bustness and stability during the refinement process.

Gradient Descent We also utilize gradient descent in our
method. The primary merit of gradient descent lies in its
ability to logically restrict the search space to the vicinity of
probable solutions. Denoting the number of total iterations
as Ny,q., the rotation angle 6 for the ¢-th round is randomly
selected from range [0, 5 % 2~ma= =] _After one round of re-
finement for depth d and normal n, we determine the new di-
rection for local perturbations €/ and e}, based on the result
of the previous search. As such, we get:

{e'len”n
/ !/ "
eh e} xn

Y

Here, e} is aligned with the vector sum of the previous
round’s perturbation, while ¢} is a vector perpendicular to
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both n’ and e/, as shown in Fig. 7(c). The primary merit
of gradient descent lies in its ability to restrict the search
domain of neighbourhood solutions. Each round of search
takes place on the orthogonal plane defined by the previous
search direction and the current normal direction, thereby
enabling faster convergence to the optimal solution.

Pixelwise Depth Interval Search ACMMP employs a
fixed interval for local perturbations on depth, while static
perturbation range cannot adapt well to locally varying scene
depth. Addressing this, we introduce pixelwise depth search
interval chosen within the deformed patch.

Specifically, for each pixel, we extract the depth values of
all pixels encompassed by its deformed patch, and choose
the maximal and minimal values from this set as depth
boundary for perturbations. Additionally, considering our it-
erative refinement strategy, during the i-th iteration, the pix-
elwise search interval is chosen within the deformed patch
gained from i-th downsampled image, thereby narrowing the
perturbation interval to yield more accurate hypothesis.

EM-based Hyperparameters Optimization

While computing the aggregated matching cost, the hyper-
parameters of each component is typically determined em-
pirically, which may result in suboptimal outcomes for dif-
ferent scenes. To mitigate this, we leverage the Expectation-
Maximization (EM) algorithm to alternately optimize the
hyperparameters and the aggregated cost, thereby enhancing
both the robustness and effectiveness of our method.

E-Step: Optimize C,, By fixing wy,s, Wyp, and wpy., we
can optimize the aggregated cost Cy4, formulated as:
min = Cuy = WnsCms + WrpCrp + WpcCpe
Cms,CTp’Cpc ag ms ms Tp Tp pc~pc
After optimization, we can get the optimal depth estimation
under current hyperparameters.

12)

M-Step: Optimize w,, s, Wyp, Wy By fixing Cyy5,Cp and
Cpe, We can optimize wy, s, Wyp and wy,, defined by:

min = Cug = WinsCrms + WrpChrp + WpcChe,
Wms,Wms,Wpe
st Wps + Wrp + Wpe = 1, 13)

Wns, Wrp; Wpe > 1]
All hyperparameters are required to exceed a minimal value
1, and we implement a normalization constraint ensuring
that their sum equals 1 to mitigate significant variances. Fol-
lowing the E-step optimization, we can alternatively opti-
mize the hyperparameters and feed them back into the E-step
for the next round of aggregated cost optimization.

Since it may be challenging to obtain the analytical so-
lution to the optimization problem in M-step, we will use
numerical optimization methods such as Newton’s method
(Qi and Sun 1993) to obtain the optimal solutions for w,,s,
Wyp, and wy.. A comprehensive formula derivation of the
optimization can be found in supplementary material.

In practical situations, there might be partial pixels with
depth estimation errors when all pixels are selected. Hence,
we only select pixels where SIFT features can be matched
between different images, and then calculate the aggregate
cost between the pixels corresponding to these features.
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Figure 8: An illustration of the qualitative results on partial scenes of ETH3D datasets (office, old computer, and pipes). Some
challenging areas are shown in red boxes. It is obvious that our methods outperform others, especially in large textureless areas.

Train Test Intermediate Advanced

Method Acc.  Comp. F; Acc.  Comp. F Method Pre. Rec. Fq Pre. Rec. F
PatchMatchNet | 6481 6543 6421 | 69.71 7746 73.12 PatchMatchNet | 43.64 69.37 53.15 | 27.27 41.66 3231
IterMVS-LS | 79.79  66.08 71.69 | 8473 7649  80.06 CasMVSNet | 47.62 7401 56.84 | 29.68 3524 31.12
MVSTER | 68.08 7692 72.06 | 77.09 8247 79.01 IterMVS-LS | 47.53 7469 56.94 | 2870 44.19 34.17
EPP-MVSNet | 82.76 67.58 74.00 | 8547 81.79 83.40 MVSTER | 50.17 77.50 60.92 | 3323 4590 37.53
EPNet 79.36 79.28  79.08 | 80.37 87.84 83.72 EPP-MVSNet | 53.09 75.58 61.68 | 40.09 34.63 35.72
COLMAP 91.85 5513 67.66 | 91.97 6298 73.01 EPNet 57.01 7257 63.68 | 3426 50.54 40.52
PCE-MVS | 84.11 7573 7942 | 82.15 7929 80.38 COLMAP 4316 4448 42.14 | 31.57 2396 27.24
MAR-MVS | 8198 77.19 79.21 | 80.24  84.18  81.84 PCF-MVS | 49.82 6568 55.88 | 3452 3536 35.69
ACMP 90.12  72.15  79.79 1 9054 7558 8Ll ACMP 49.06 7358 5841 | 34.57 4248 37.44
ACMMP | 9063 7761 8342 9191 8149 8589 ACMMP | 5328 6850 59.38 | 3379 44.64 37.84
APD-MVS | 89.14 8483 8684|8954 8593 8744 APD-MVS | 55.58 75.06 63.64 | 33.77 49.41 39.91
SD-MVS (ours) | 89.63 8452 86.94 | 88.96 87.49 88.06 SDMVS (ours) | 5378 77.63 6331 | 3553 4737 40.18

Table 1: Quantitative results on ETH3D benchmark at
threshold 2¢m . Our method accomplishes the best F; score.

Experiments
Datasets and Implementation Details

We evaluate our work on both ETH3D high-resolution
benchmark (Schops et al. 2017) and Tanks and Temples
benchmark (TNT) (Knapitsch et al. 2017). We compare
our work against state-of-the-art learning-based methods in-
cluding PatchMatchNet (Wang et al. 2021), IterMVS-LS
(Wang et al. 2022a), MVSTER (Wang et al. 2022b), EPP-
MVSNet (Ma et al. 2021), EPNet (Su and Tao 2023) and
traditional MVS methods including COLMAP (Schonberger
etal. 2016), PCF-MVS (Kuhn, Lin, and Erdler 2019), MAR-
MVS (Xu et al. 2020), ACMP (Xu and Tao 2020), ACMMP
(Xuetal.2022) and APD-MVS (Yuesong Wang et al. 2023).

Note that experiments is carried out on downsam-
pled images with half of the original resolution in
ETH3D, and on original images in TNT. Concerning
parameter setting, {wp,s, Wrp, Wpe, L, k, T, Nipaz, 0}
{1,0.2,0.2,11, 3,2, 3,0.1}. In cost calculation, we take the
matching strategy of every other row and column.

Our method is implemented on a system equipped with
an Intel(R) Core(TM) i7-10700 CPU @ 2.90GHz and an
NVIDIA GeForce RTX 3080 graphics card. We take ACMP
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Table 2: Quantitative results on TNT dataset. Our method
accomplishes competitive F; score with SOTA methods.

(Xu and Tao 2020) as the backbone of our method.

Results on ETH3D and TNT

Qualitative results on ETH3D are illustrated in Fig. 8. It is
obvious that our method reconstructs the most comprehen-
sive results, especially in large textureless areas like floors,
walls and doors, without introducing conspicuous detail dis-
tortion. More qualitative results on ETH3D and TNT bench-
mark can be referred in supplementary material.

Tab. 1 and Tab. 2 respectively present quantitative re-
sults on the ETH3D and the TNT benchmark. Note that the
first group is learning-based methods and the second is tra-
ditional methods. Meanwhile, the best results are marked
in bold while the second-best results are underlined. Our
method achieves the highest F; score on ETH3D datasets,
giving rise to state-of-the-art performance. Meanwhile, our
method achieves competitive results with SOTA methods in
TNT datasets like EPNET and APD-MVS, falling short by
less than 0.5% in F; score. Especially, our method shows
significant improvement in completeness in both datasets,
demonstrating its robustness in recovering textureless areas.
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2cm 10cm

Method Acc.  Comp. Fy Acc.  Comp. Fy
w/. ACM. Cost | 90.16 74.61 81.27 | 98.01 89.04 93.16
w/o. Adp. Cost | 89.92  78.01 83.42 | 97.92 91.87 94.71
w/o. Mul. Cost | 89.84 7994 8455 | 97.9 9336 9553
w/. ACM. Pro. | 89.83 79.96 84.52 | 9791 93.58 95.54
w/o. Adp. Pro. | 89.57 81.74 8538 | 97.81 9496 96.29
w/o. Mul. Pro. | 89.69 81.97 85.54 | 97.87 95.17 96.44
w/o. Ref. 86.75 7045 77.6 | 97.04 8537 90.72
w/. Gip. Ref. 893 7851 8343|9774 9156 9448
w/. ACM. Ref. | 89.42 79.83 8425|9779 92,64 95.11
w/o. EM A 89.74 78.16 8345 | 97.89 91.78 94.57
w/o. EM B 89.45 79.87 8427 | 97.81 93.05 953
SD-MVS 89.63 84.52 86.94 | 97.85 96.74 97.28

Table 3: Quantitative results of the ablation studies on
ETH3D benchmark to validate each proposed component.

Memory and Runtime Comparison

To demonstrate the efficiency of our method, we compare
both GPU memory usage and runtime among various meth-
ods on ETH3D training datasets, as depicted in Fig. 9. Note
that all experiments are executed on original images whose
number have been standardized to 10 across all scenes.
Moreover, to exclude the impact of unrelated variables, all
methods are conducted on a same system, whose hardware
configuration has been specified in previous section.

Concerning learning-based methods, while IterMVS-LS
exhibits the shortest runtime, its memory overhead exceeds
the maximum capacity of mainstream GPUs. Other state-
of-the-art (SOTA) learning-based methods also suffer from
excessive memory consumption, making them impractical
for the reconstruction of large-scale outdoor scenarios.

Although SD-MVS consumes approximately one-third
more memory usage than traditional SOTA methods like
APD-MVS and ACMMP, our runtime is only half of them,
thanks to our multi-scale consistency architecture. There-
fore, our method strikes the optimal balance between time
and memory usage without sacrificing performance, demon-
strating its effectiveness and practicality.

Ablation Studies

We validate the rationale behind the design of each part of
our method through ablation studies, as shown in Tab. 3.

Matching Cost with Adaptive Patch In terms of match-
ing cost, we respectively remove patch deformation (w/o.
Adp. Cost), multi-scale consistency (w/o. Mul. Cost) and
both of them (w/. ACM. Cost). Since w/. ACM. Cost has
neither deformable nor multi-scale, it produces the worst re-
sults. w/o. Mul. Cost slightly outperformed w/o. Adp. Cost,
yet both are inferior to SD-MVS, implying that patch defor-
mation contribute more than multi-scale consistency.

Adaptive Propagation with Load-balancing In terms
of propagation, we respectively remove patch deformation
(w/o. Adp. Pro.), multi-scale consistency (w/o. Mul. Pro.)
and apply propagation scheme from ACMMP (w/. ACM.
Pro.). Given that patches in ACMMP do not deform in ac-
cordance with the patch, its performance fell short of expec-
tations. Both w/o. Adp. Pro. and w/o. Mul. Pro. delivered
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Figure 9: GPU memory usage (GB) and runtime (second)
between different methods on ETH3D training datasets.

similar results, yet fell short in comparison to SD-MVS, in-
dicating that both patch deformation and multi-scale consis-
tency on propagation are equally crucial.

Spherical Gradient Refinement In terms of refinement,
we respectively remove refinement (w/o. Ref.), exchange
the refinement module into Gipuma (Galliani, Lasinger, and
Schindler 2015) (w/. Gip. Ref.) and switch the refinement
module into ACMMP (w/. ACM. Ref.). As observed, the
absence of refinement significantly diminishes the results.
However, introducing Gipuma refinement brings about no-
ticeable progress, with further advancements achieved after
adopting ACMMP refinement. Nonetheless, both refinement
methods are worse than SD-MVS, proving the necessity of
spherical gradient refinement.

EM-based Hyperparameters Optimization We conduct
two experiments (w/o. EM A and w/o. EM B) by re-
moving EM-based Optimization and respectively setting
(Winss Wrp, Wpe) to (1,0.5,0.5) and (1,0.2,0.2). The results
highlight the impact of hyperparameter settings on the final
results. Furthermore, their inferior performances compared
to SD-MVS evidences the importance of automatic parame-
ter tuning by the proposed EM-based Optimization.

Conclusion

In this paper, we presented SD-MVS, a novel MVS method
designed to effectively address challenges posed by texture-
less areas. The proposed method consists of an adaptive
patch deformation with multi-scale consistency, a spheri-
cal gradient refinement and EM-based hyperparameter op-
timization. Our method has achieved state-of-the-art perfor-
mance on ETH3D high-resolution benchmark, while being
memory-friendly and with less time cost. In the future, we
will tackle difficulty in highlight areas in matching cost and
view selection strategy in pursuit of superior performance.
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