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Abstract
In this paper, we propose the novel folding patch model
which can replace the traditional patch model utilized
in patch-based Multi-View Stereo (MVS) methods to
significantly improve the reconstruction results. The
patch model is applied as an approximation of the
scene surface differential in the geometric estimation
procedure. By minimizing the photometric discrepancy
of the projection of the patch model on multiple source
images, patch-based MVS algorithms optimize the
position and normal values for the 3D hypothesis of the
target pixel. The optimization is based on the assumption that the patch model can fit the target scene surface
perfectly. However, when it comes to complex scenes
crowded with sharp edges, splintery surfaces, or round
surfaces, the patch model is inherently not suitable since
even from the microscopic perspective these surfaces
are not entirely flat. We construct the folding patch
model by folding the traditional patch model from the
middle line. By adjusting the folding angle and direction, the folding patch model can fit complex surfaces
more flexibly. We apply our folding patch model to
the representative open-source Patch Based Multi-View
Stereo (PMVS) and COLMAP, and validate the effectiveness on ETH3D benchmark and datasets captured
in nature. The results demonstrate that utilizing the
folding patch model can significantly improve the behavior of PMVS and COLMAP, especially on datasets
mainly consist of complex surfaces from plants.
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1 Introduction
Given a set of calibrated images, Multi-View Stereo
(MVS) recovers a dense 3D representation of the target scene. The reconstruction results can be applied to
automatic geometry, scene classification, image-based
modeling, and robot navigation. With known camera
poses, MVS boils down to a dense 3D matching problem under the constraint of projection geometry. The
matching operation requires a model which can carry
enough contextual or feature information for the pixel
to be matched and discern the correct matches across
multiple images. The patch model is widely adopted by
the current top-performing MVS algorithms according
to 3D reconstruction benchmarks [1, 2] to perform the
dense correspondence. A patch in the MVS algorithm is
essentially a micro-plane in 3D space designed as an approximation of the target scene surface. The 3D geometry corresponds to the pixel in the image is encoded as
the depth (or distance to the camera optical center along
the back-projection ray) and normal of the patch model.
By minimizing the photometric discrepancy of the projection of regularly sampled points from the patch model
on different images, MVS algorithms optimize the depth
and normal values of the patch model to estimate the geometry of the target pixel. The estimation procedure is
based on the assumption that the microscopic surface
can be approximated by a small rectangle. The assumption stands when the patch is small or the surface is flat
enough. However, there exist cases when the surface is
not that flat, and the size of the patch model has to be
big enough to collect sufficient texture information.
In this paper, we propose the novel folding patch correspondence which can be integrated into patch-based
MVS algorithms and significantly improve the reconstruction results. The key insight is to make the patch

Figure 1: Geometric elements of the folding patch
model folding to make it more flexible for approximating different kinds of surfaces. The main contributions
of our paper are summarized as follows:
• We introduce the novel folding patch model which
can replace the traditional patch model widely utilized in patch-based MVS algorithms. The folding
patch model consists of four elements as position,
normal direction, folding direction, and folding
angle. The four elements can be easily encoded
as five variants accordingly in different MVS algorithms as described in Sec 3.
• We propose the adjusting strategy for replacing the
traditional patch model in MVS algorithms with
the folding patch model. The adjustment includes
the optimization and propagation of geometric hypotheses, which are critical to ensure the density
of reconstructed point clouds.
We integrate our folding patch model in the opensource PMVS [3] and COLMAP [4], and validate the
effectiveness on ETH3D benchmark and our manually
captured datasets. Qualitative and quantitative comparisons demonstrate that exploiting the folding patch
can significantly improve the behavior of PMVS and
COLMAP.

2 Related Work
This paper proposes a novel folding patch model as an
alternative to the traditional patch model in patch-based
MVS algorithms, intended to create dense stereo correspondences for 3D reconstruction. Therefore, we describe existing work in two domains: 1) patchmatch algorithms and 2) stereo correspondence descriptors.

2.1 PatchMatch Algorithms
The concept of PatchMatch was firstly proposed in [5],
using random sampling to find suitable matches and

propagating such matches to surrounding areas based
on natural coherence of patches in images. Barnes et
al. [6] further modified their work by extending the
searching dimensions to scales and rotations in addition
to just translations. Non-Rigid Dense Correspondence
(NRDC) proposed in [7] interleaves nearest-neighbor
field computations with fitting a global non-linear parametric color model and aggregating consistent matching
regions using locally adaptive constraints. NRDC realizes dense correspondences under similar areas acquired
by different cameras and lenses, under non-rigid transformations, different lighting, and diverse backgrounds.
[8] extended the PatchMatch search with DAISY descriptors and filter-based efficient flow inference, coupling and optimizing these modules seamlessly with image segments as the bridge. Though previous attempts
mentioned above have obtained high accuracy and density in dense correspondence estimation, these methods
cannot be directly applied in 3D reconstruction. As their
work concentrates on building reliable dense correspondence fields for two images in terms of two dimensions,
the mapping relationship is limited to simple similarity transformation. Thus their matching accuracy hardly
reaches pixel-wise precision which is significant for triangulation.
Bleyer et al. [9] tries to perform dense stereo matching by sampling and propagation. They use slanted support windows instead of patches to approximate the tangent plane of the surface. Several variants of this algorithm have been proposed like PMBP by Besse et al.
[10] and PM-Huber by Heise et al. [11], which introduce explicit regularization based on [9]. Building upon
the previous PM-Huber algorithm, Heise et al. [12] further introduced an extension to the multi-view scenario
that employs an iterative refinement scheme.
Differently from directly applying PatchMatch in 3D
reconstruction, [13] creates depth maps for each input
image through image selection and PatchMatch, and
subsequently reconstruct surface parts by multiple depth
map filtering and fusion. Based on PatchMatch for depth
map in [13], [14] proposes a probabilistic framework
that jointly models pixel-level view selection and depth
map estimation given the local pairwise image photometric consistency. Schönberger et al. [4] develops
work in [14] by jointly estimating depth and normal information, integrating it with geometric priors for view
selection and introducing multi-view geometric consistency term for the simultaneous refinement and imagebased depth and normal fusion. Wei et al. [15] proposes
a novel selective joint bilateral upsampling and depth
propagation strategy to improve the performance of [4].
Based on [4], Romanoni et al. [16] assumed that textureless regions are piece-wise flat and fitted a plane for
each color-homogeneous superpixel segmented from the
reference image. This method effectively estimates geometric hypotheses for planar-like surfaces but is not suitable for curved surfaces. Liao et al. [17] proposes the

local consistency to guide the depth and normal estimation with geometry from neighboring pixels with similar
colors and introduces the pyramid architecture to fasten the convergence of local consistency. However, the
depth estimation for areal textureless regions is still not
ideal.

2.2 Stereo Correspondence
Descriptors
Stereo matching descriptors have been studied for several decades, and many methods have been proposed.
Lowe, D.G. [18] proposed the Scale-Invariant Feature
Transform (SIFT) descriptor which is invariant to image scaling, translation, and rotation, and partially invariant to illumination changes and affine transformation or 3D projection. Based on Lowe’s work, lots of
3D reconstruction (mainly Structure From Motion) algorithms are introduced. [19, 20, 21, 22, 23, 24, 24, 25].
As feature points corresponding to SIFT descriptor are
usually sparsely distributed in images and they essentially do not have the capacity to propagate correspondences to neighboring pixels, SIFT descriptor is mainly
limited as a matching tool in sparse 3D reconstruction
despite the fact that it has performed pretty well in correspondence especially in terms of accuracy.
Patch model is essentially a local tangent plane approximation of a surface. Algorithms proposed by
[13, 26, 4, 14, 16, 27, 17] utilize a pixel window in
the reference view to represent the projection of a small
planar patch in the scene and conduct a region-growing
procedure to generate dense correspondences and depth
maps. Methods like [28, 9, 10, 11, 12] directly encode
the patch model as a rectangle in three-dimension space
which is oriented and one of its edges is parallel to the
x-axis of the reference camera. The size of the rectangle is chosen so that the smallest axis-aligned square in
reference image containing its image projection is with
appropriate size. The 3D patch model is widely utilized
in dense reconstruction for its approximation of scene
surface and ability to propagate 3D mapping relationship to neighboring pixels. However, it is still an issue
for such algorithms to address surfaces with sharp and
arbitrary edges.

3 Methodology
In this section, we detailedly describe the proposed folding patch model, which is complementary to the existing
patch-based MVS algorithms. Here we use the representative PMVS [3] and COLMAP [4] as the backbone architecture to demonstrate the application of the folding
patch in patch-based MVS algorithms.

3.1 Patch Model in MVS
For the information afforded by the pixel alone insufficient to support dense matching across different views,
information of surrounding pixels is usually exploited.
The patch model is such a geometry that is used to collect these surrounding pixels. A patch p in the MVS algorithm is essentially a micro-plane in 3D space which
is designed as an approximation of the target scene surface. Its geometry is fully determined by its center c(p)
and normal vector n(p). By minimizing the photometric discrepancy of the projection of the patch model on
different images, MVS algorithms optimize the position
and normal vector of the patch model to estimate the geometry of target pixel.
Patch Model in PMVS The patch model in PMVS
is a (3D) rectangle, which is oriented so that one of
its edges is parallel to the x-axis of the reference camera (the camera associated with reference image R(p)).
The extent of the rectangle is chosen so that the smallest axis-aligned square in R(p) containing its image the
projection is of size µ × µ pixels in size (µ is usually set
as 5 or 7). The patch center c(p) is encoded as the Euclidean distance dis(p) to the optical center of the reference image O(R(p)) and is constrained to be along
with the back-projection ray. The distance unit is set as
the average distance along with the projection ray corresponding to the displacement of one pixel in each selected visible image. The normal vector n(p) is encoded
as the roll and yaw angles that rotate the vector in the
opposite direction of the reference camera to the normal
direction. The photometric discrepancy of the patch p
on reference image R(p) and source image Ii is calculated by overlaying a µ × µ grid on p and computing one
minus the normalized cross-correlation score between
colors of projections of all grid points on each image.
Patch Model in COLMAP The patch model in
COLMAP is a micro-plane whose projection on the reference image is a square consisting of µ × µ pixels. The
patch center c(p) is encoded as the its projection depth
θ(p) on reference image. The normal vector n(p) is
encoded as the x and y values of the unit normal vector. As the patch model is plane, the coordinate mapping from projection of patch p on reference image R(p)
to image Ii is determined by the planar transformation
x0 ∼ Hi (p)x, where ’∼’ denotes the projective equality
and Hi (p) the homography defined by patch p. Let Ri ,
Ki and ti be the camera rotation, intrinsic and translation of image Ii , the homography is expressed by a 3 × 3
matrix:
Hi (p) = Ki · Ri ·


(t1 − ti ) · n(p)T
· RT1 · KT1 .
I−
θ(p)

(1)

The photometric discrepancy of the patch p on reference
image R(p) and source image Ii is defined as one minus
bilaterally weighted normalized cross-correlation be-

Figure 2: Folding patches in 3D space

tween its projections on the reference image and source
images Ii

3.2 Folding Patch Model
A folding patch is essentially a rectangle in 3D space,
which is folded along its symmetric line parallel to one
of its edges in a certain degree (including zero degree).
The folding patch model is shown in Figure 2. Different from the traditional patch model, our folding patch
needs not to be tangent to the surface. An ideal optimized folding patch is supposed to intersect round surfaces as shown in Figure 4(b), thus making the average
distance from sample points on the folding patch closest
to the target surface.
Based on our observation, microscopical surfaces can
be roughly divided into four categories: 1) plane microsurface, 2) curved micro-surface, 3) folding microsurface, and 4) corner micro-surface. Corresponding
samples are exhibited in Figure 3. Plane micro-surface
means a small piece of plane which regularly constitutes surfaces of most manually made objects like buildings, furniture, and appliances. Curved micro-surface
forms all kinds of round surfaces in natural and artificial scenes, such as the surface of stones, branches,
pillars, and the smooth rounded edges of desks. Folding micro-surface sometimes appears at some extremely
sharp edges like that of a flat table and book. In fact,
from the micro perspective, most edges of real-world
objects are not that sharp to be deemed as a combination of folding surfaces. However, in consideration of
the limited resolution, edges presented in pixel blocks
are sharp enough to be donated by the folding surface.
We place the remaining microscopical surfaces like that
of a corner or pinpoint in the same category as corner
micro-surface.
Our folding patch model is intended for the former
three microscopical surfaces which compose most of the
scene surfaces captured by images. For micro-plane and
folding micro-surface, an optimized folding patch can
almost fit them as shown in Figure 4(a) and Figure 4(c).
Curved micro-surface cannot be fitted to the same degree as micro-plane and folding micro-surface. How-

Figure 3: Micro surfaces. On the top is the source
image. The small images with colored outlines are the enlarged views of rectangles outlined with the same color in the source image.
Small images from left to right demonstrate
the plane, curved, folding and corner microsurfaces respectively

ever, the folding patch can be in close proximity to it
as shown in Figure 4(b), which reaches our desired effect, especially compared with traditional patch model.
As for the fourth micro surface, our model may not
fit its geometry well. This means maybe none folding
patch will be recovered. We think situations like this
occur rarely compared to the former three micro surfaces, and densely reconstructed folding patches or 3D
points around the corner surface make the absence of
few points here imperceptible.
We define the geometry of a folding patch p by four
elements: center point c(p), average normal unit vector
n(p) which is the normalized sum of normal unit vectors
of its two half planes, folding unit vector f(p) which is
along the folding line and points upside according reference image, and its folding angle a(p). Intuitive descriptions about geometric elements are showed in Figure 1.
Folding Patch Model in PMVS We integrate the
folding patch model in PMVS and name it FPMVS. The
folding patch center c(p) encoded in the same way as
PMVS as described in Section 3.1. We create a right
hand local coordinate system for the folding patch with
z axis pointed in the direction of normal vector n(p) and
y axis in the direction of folding vector f (p). We denote
unit vectors of local x, y, z axis of p in the world coordinate system as x(p), y(p) and z(p) . n(p) and f(p)
are encoded together as the pitch, yaw and roll angles
relative to the known unit vectors corresponding to axis
of the reference camera x(c), y(c) and z(c). We define these three angles as α, β and γ. The relationship
between x(p), y(p), z(p) and the rotation angles formu-

(c)

(b)

(a)

Figure 4: Approximating micro surfaces ( the transparent blue ones ) with the folding patch model : (a) plane microsurface, (b) curved micro-surface, (c) folding micro-surface

lated as
(x(p), y(p), z(p)) =
(x(c), y(c), −z(c)) Rα Rβ Rγ

.

(2)

Rα , Rβ and Rγ are local rotation matrices defined respectively as


1
0
0
Rpitch = 0 cos(α) − sin(α)
0 sin(α) cos(α)


cos(β) 0 sin(β)
0
1
0 
Rroll = 
(3)
− sin(β) 0 cos(β)


cos(γ) − sin(γ) 0
Ryaw =  sin(γ) cos(γ) 0 .
0
0
1
The folding angle a(p∗ ) is encoded directly as the angle
between the local x-axis and corresponding plane of the
folding patch as shown in Figure 1. When a(p∗ ) is zero,
a folding patch equals to the traditional flat patch.
The initialization of the folding patch center and normal direction is the same as that in the original PMVS.
Folding unit vector is initialized as the cross product of
normal vector n(p) and unit vector in the x-axis of reference camera x(c). Folding angle a(p) is initialized as
zero. Intuitively, the shapes and poses of the initialized
folding patch and original patch in PMVS are the same.
The optimization of the folding patch is also conducted
by overlaying a regular grid on the model and minimizing the photometric discrepancy between projections of
grid points on reference images and other view-selected
images. The difference is that a(p) and f (p) participate in the coordinate calculation of grid points. We
adopt the Bound Approximation BY Quadratic Approximation (BOBYQA) optimization technique proposed
by M.J.D.Powell [29] to optimize geometric parameters of the folding patch. For the expansion procedure,
the expanded folding patch center is also calculated as
the intersection of back-projection ray with the folding
patch. The normal vector of the expanded folding patch
is assigned as the normal direction of the intersected
half-plane of the seed folding patch. The folding direction and folding angle are directly copied from the seed

Figure 5: The pixels constituting the folding patch projection on the reference image are divided into
two clusters by the projection of the folding
line. The green line represents the projection
of the folding line. The pixels belong to the
same cluster are labeled with the same color.
The black array points in the x-axis direction.

folding patch. We adopt the same filtering strategy as
PMVS.
Folding Patch Model in COLMAP We integrate
the folding patch model in COLMAP and name it
FCOLMAP. The center and normal vectors are encoded
in the same way as COLMAP. We represent the folding direction as a line in the reference image, passing
through the center of the projected pixel matrix and dividing the pixels into two clusters as shown in Figure 5.
The two clusters belong respectively to the two planes
containing the two faces of the folding patch. The cutting line is encoded as the angle between it and the xaxis of the reference image in the anti-clockwise direction, and we denote it as σ(p). Then the unit vector in
the folding direction f (p) can be represented as
f (p) =
(cos(σ(p)), sin(σ(p)), 0) × n(p) × n(p).

(4)

In COLMAP, the coordinate of each pixel inside the
patch projection can be mapped to source image Ii
through planar homography transformation formulated
as Equation 1. For FCOLMAP, coordinates of pixels in
each cluster are also mapped to other images through
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Figure 6: Qualitative point cloud comparisons between different algorithms on some high-resolution multi-view test
datasets of ETH3D benchmark.

planar homography transformation. The only difference
is that there exist two normal vectors corresponding to
two faces of the folding patch. For each of the cluster,
the corresponding normal vector is calculated according to f (p), n(p) and a(p). We adopt the same objective function as COLMAP. During propagation procedure, we also construct hypotheses with combination of
propagated, random and perturbed θ(p), n(p), σ(p) and
a(p). Then we choose the current best estimate from
these hypotheses.

4 Experiments
In this section, we first validate the effectiveness of applying the proposed folding patch model by evaluating
and comparing FPMVS and FCOLMAP with PMVS
and COLMAP on the ETH3D benchmark and datasets
captured by ourselves. Then we analyze the limitations
of the folding patch model. All the experiments in this
section are conducted on a single machine with an Intel Xeon(R) CPU E5-2630, 64G RAM , and a GeForce
RTX 2080 Ti.

4.1 ETH3D Benchmark
The high-resolution multi-view benchmark provided in
ETH3D consists of 25 datasets covering from indoor to
outdoor scenes. Each scene offers undistorted images
with a resolution of 6208 × 4135 recorded by the DRSL
camera. The 25 datasets are divided into two groups:
one group consists of 13 scenes providing ground-truth
for training and 12 scenes for testing. Reconstruction
results submitted to the ETH3D benchmark will be evaluated in three aspects as completeness, accuracy, and F1
score. The completeness is computed as the percentage
of points from GT which are within a certain distance
τ from the model. The accuracy is computed as the
percentage of points from the model which are within
a distance τ from the GT. The F1 score is the harmonic
average of completeness and accuracy. For a detailed
description of the ETH3D benchmark, it is suggested to
refer to [1]. We set the parameters of FPMVS the same
as the default of PMVS. For FCOLMAP and COLMAP,
we set the resolution of out depth images the same as input images, which is limited to be below 2000 as default
for the greater one between height and width.
Table 3 shows the F1 scores of FPMVS and
FCOLMAP against PMVS and COLMAP on the test
datasets with thresholds of 2cm and 5cm. It can be
observed that FCOLMAP ranks first for all scenarios.
By utilizing the proposed folding patch model, FPMVS
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Figure 7: Qualitative point cloud comparisons between different algorithms on datasets for natural scenes captured
by our selves.

and FCOLMAP significantly improve the performance
of the backbone PMVS and COLMAP. It is attributed
to the better flexibility of the folding patch model that
makes it approximate complex scene surfaces better.
Figure 7 exhibits qualitative point cloud comparisons. It can be observed that utilizing the folding patch
model can significantly improve the quality of the reconstructed point clouds. By comparing results generated by FCOLMAP and COLMAP, we can see that
regions containing complex surfaces are better reconstructed with folding patches even if COLMAP works
pretty well on most of the regions. For the botanical garden dataset, FCOLMAP reconstructs more grass
and leaves than COLMAP. For the observatory dataset,
the round building surface and the cracks between the
bricks are reconstructed better with FCOLMAP. For the
boulders dataset, the rope on the ground is completely
reconstructed through FCOLMAP but is lost by the original COLMAP.

4.2 Natural Scenes
In this section, we densely reconstruct models of natural scene datasets using PMVS, FPMVS, COLMAP, and
FCOLMAP. All these datasets are captured directly by
a smartphone camera. Although we do not have the corresponding ground-truth to calculate precise values for
accuracy and completeness, the results of these algorithms exhibit visible differences. Experiments on such

datasets can exhibit the capability of algorithms to fit
complex shapes and edges in natural scenes. We use
four datasets of natural scenes as shown in Figure 7.
From top to bottom, corresponding datasets consist of
respectively 15, 10, 17, and 12 unstructured images, all
with a resolution of 1632 × 1224. We obtain camera
calibration and sparse points reconstructed by SFM [19]
as input of PMVS and FPMVS, [22] for COLMAP and
FCOLMAP. We use default parameters afforded by the
public implementation for COLMAP and FCOLMAP.
For PMVS and FPMVS, we use default parameters except for level = 0 and csize = 1, which means source
images are not resized, and each pixel is supposed to
generate one 3D point. Figure 7 shows one source image and corresponding reconstructed point clouds. It can
be observed that the point clouds reconstructed with the
folding patch model are better than point clouds reconstructed with the traditional patch model.

4.3 Limitations
Table 1 shows the accuracy scores of PMVS, FPMVS,
COLMAP, and FCOLMAP on the high-resolution test
datasets of the ETH3D benchmark. It can be observed
that utilizing the folding patch model will decrease the
accuracy of reconstructed models. The flexibility of the
folding patch model makes it better approximate various
surfaces. However, the parameters introduced in addition to traditional patch model make the geometric opti-

mization results less precise, which leads to the decreasing of reconstruction accuracy. In addition, the two extra
dimensions introduced by the folding patch model definitely increase the time consumption of geometry optimization, which in turn increases the final running time
as shown in table 2

5 Conclusion
In this paper, we propose a novel folding patch model
for patch-based multi-view stereo. Compared with the
traditional patch model which takes into account only
surface orientation and position in photometric consistency computation, our proposed folding patch model
introduces extra dimensions as folding angle and direction, which contributes to better approximation of the
complex scene surfaces. We also propose strategies for
alternating the traditional patch model with the folding
patch model in PMVS and COLMAP and name them
as FPMVS and FCOLMAP. We validate the effectiveness of the folding patch on the ETH3D benchmark and
datasets captured by ourselves. The results demonstrate
that utilizing the folding patch model can significantly
improve the performance of MVS algorithms. For the
future work, we will explore the use of the folding patch
into the matching and reconstruction of 3D scenes from
large collections of unstructured photographs, and study
the optimization and filtering strategies for the folding
patch model to improve the reconstruction accuracy and
completeness. Besides, we are going to study detailpreserved surface reconstruction based on the output
point cloud via method like [30] and combine the texture
mapping techniques [31, 32] to generate high-fidelity results.
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DATASET
botanical garden
boulders
bridge
door
exhibition hall
lecture room
living room
lounge
observatory
old computer
statue
terrace
All

PMVS
98.97
97.16
95.54
98.85
96.47
93.40
97.46
95.31
95.47
86.18
98.78
89.11

FPMVS
96.32
94.49
85.76
85.47
83.09
85.20
94.26
63.79
86.58
63.72
91.88
83.40

COLMAP
98.38
94.31
96.79
98.32
96.69
96.86
97.56
90.11
98.77
90.11
99.44
98.31

FCOLMAP
97.52
91.90
93.53
97.18
83.98
88.70
94.04
80.17
98.55
80.17
95.99
97.39

94.97

84.50

96.75

92.28

Table 1: Quantitative accuracy score comparisons on high-resolution test datasets of ETH3D benchmark with threshold of 5cm.

DATASET
botanical garden
boulders
bridge
door
exhibition hall
lecture room
living room
lounge
observatory
old computer
statue
terrace
All

PMVS
401
495
3790
279
1607
521
1745
90
1105
639
415
398

FPMVS
648
893
4129
503
3219
742
2498
157
1727
832
732
802

COLMAP
1030
1023
5311
359
3044
937
2892
332
1440
2312
607
613

FCOLMAP
1231
1174
6297
392
3356
1081
3082
361
1670
2523
689
676

957

1407

1658

1878

Table 2: Quantitative running time comparisons on high-resolution test datasets of ETH3D benchmark with time
unit as second.

botanical garden
boulders
bridge
door
exhibition hall
lecture room
living room
lounge
observatory
old computer
statue
terrace

PMVS
40.82
42.54
65.12
63.99
34.43
24.48
57.12
3.92
76.17
17.70
55.52
48.75

FPMVS
65.08
51.03
69.48
69.58
41.46
40.67
72.32
16.46
70.00
24.24
65.42
58.40

2cm
COLMAP
87.13
65.67
88.30
84.17
62.96
63.80
87.69
38.04
92.56
46.66
74.91
84.24

FCOLMAP
89.28
66.95
88.41
89.03
64.05
66.87
88.61
46.78
92.89
57.48
78.55
87.67

PMVS
5.72
46.20
73.41
78.31
41.03
30.06
65.68
6.08
83.43
30.04
65.86
60.80

FPMVS
20.80
56.71
84.42
84.42
51.78
49.57
81.61
23.49
81.48
40.61
76.25
74.46

5cm
COLMAP
95.28
79.75
94.28
92.28
75.17
78.02
93.77
58.60
97.84
65.06
85.92
91.63

FCOLMAP
96.35
80.88
94.73
95.45
79.68
82.04
94.61
71.13
98.50
76.24
91.05
94.80

All

44.16

53.68

73.01

76.38

52.22

64.68

83.96

87.95

Table 3: Quantitative F1 score comparisons on ETH3D benchmark with thresholds of 2cm and 5cm.

