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Abstract
With the growth of access to faster computers and more powerful cameras, the 3D reconstruction of objects

has become one of the public’s main topics of research and demand. This task is vigorously applied in creating
virtual environments, creating object models, and other activities. One of the techniques for obtaining 3D features is
photogrammetry, mapping objects and scenarios using only images. However, this process is very costly and can be
time­consuming for large datasets. This paper proposes a robust, efficient reconstruction pipeline with a low runtime
in batch processing and permissive code. It is even possible to commercialize it without the need to keep the code
open. We mix an improved structure from motion algorithm and a recurrent multi­view stereo reconstruction. We
also use the Point Cloud Library for normal estimation, surface reconstruction, and texture mapping. We compare
our results with state­of­the­art techniques using benchmarks and our datasets. The results showed a decrease of
69.4% in the average execution time, with high quality but a greater need for more images to achieve complete
reconstruction.
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1 Introduction
The creation of 3D assests is one of the main challenges in
Virtual Reality (VR) and Augmented Reality (AR). These
can be done by photogrammetry, mapping objetcs and sce­
narios using only images or video frames. This research field
was already a trending topic in Seitz et al. (2006), where the
authors evaluate multi­view stereo (MVS) reconstruction al­
gorithms. The MVS is responsible for receiving the camera
parameters and the image data, and match view poitns and
keypoints, obtaining dense 3D correspondences. One exam­
ple of MVS use is Schops et al. (2017).
For the task of 3D reconstruction through images, they

are usually made from several available technologies. This
combination consists of Structure forMotion (SfM) (Ullman,
1979), the aforementioned MVS, and a mesh and texturing
stage. SfM allows the mapping of previously unknown envi­
ronments and selects the pose information from the camera.
Is in the final mesh step where the algorithm makes point
cloud triangulation and gives texture to the reconstruction.
One of the main problems in 3D reconstruction is the ef­

ficiency, i.e., how to obtain consistent results while keep­
ing a low processing time. Also, the increasingly easy ac­
cess to powerful devices and high resolution images, a best
cost­benefit is essential to make this technology accessible to
general use. Another photogrammetry problem is that many
disponible solution do not have permissive licenses, with
make impossible the commercial use and distribution. As al­

ready said, 3D reconstruction demands lots of different algo­
rithms that may have different license. To be able to use it
commercially and without the need to make the code open­
source, which may be not desirable, it is possible to use only
techniques whose source code has permissive license.
In this paper, we present the results of a photogramme­

try pipeline with batch processing. We focused on getting
state­of­the­art comparable results using only open­source
techniques with permissive license. Our pipeline is based on
using a modified COLMAP SfM for geometric features de­
tection and applying the R­MVSNet approach allied to Point
Cloud Library (PCL) to reconstruct the scene, those will be
described properly in the section 3, being able to keep low
execution time, making this technology more accessible for
daily use. The contributions of this work are the following:

• A 3D reconstruction solution that uses only permis­
sively licensed techniques, being suitable to commer­
cial use;

• A pipeline using the R­MVSNet method, which
achieved a good cost­benefit in terms of quality of re­
sults and runtime compared to other state­of­the­art so­
lutions;

• Qualitative and quantitative evaluations regarding 3D
reconstruction accuracy and execution time of the de­
veloped method with respect to state­of­the­art 3D re­
construction techniques;

• Experiments using real­world daily use scenarios, re­
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inforcing our proposal viability, and comparison using
banchmark datasets.

This paper is organized as follows: Section 2 presents the
related works; Section 3 describes the method employed in
this study; Section 4 presents our methodology; Section 5
discusses the results; and Section 6 concludes the paper.

2 Related Works
One of the fundamental steps (and research field) in com­
puter vision and graphics is acquiring 3D information. With
their changing parameters and colors, dynamic environments
make the creation of efficient and robust models a compli­
cated task (Schönberger et al., 2016). This task is even more
complex using only permissive solutions. In this work, we
combine pipelines from different applications to create a vi­
able solution with high quality and the lowest computational
cost.
Multi­View Reconstruction Environment (MVE)

(Fuhrmann et al., 2014) is an end­to­end free software
for multi­view geometry reconstruction. This system has
inputs with several photos and uses the well­known three
main reconstruction steps: SfM (Seitz et al., 2006) to
reconstruct the camera parameters (intrinsic and extrinsic),
MVS to obtain 3D correspondences and mesh generation,
combining the dense point cloud with color information,
rendering a final colored object. The SfM step uses both
SIFT (Lowe, 2004) and SURF (Bay et al., 2008) for feature
detection, and these features are matched between a pair of
images. Every image in the dataset is matched to all other
photos.
Memory consumption is one of the main limitations of

MVE, even using low­resolution features to discard un­
matched image pairs before performing the full­resolution
match. For surface reconstruction, all the points are kept in
memory, which is prohibitive for large­scale scenes or a large
datasets, creating a bottleneck in execution time performance.
For example, it takes 116 minutes to perform reconstruction
using the 79­images Der Hass dataset (Fuhrmann et al., 2014)
1. To reach a reasonable time performance in these large
datasets, the MVS method proposed by Goesele et al. (2007)
is a solution. As a depth map­based approach, there is a lot of
redundancy, but it also means that only a small set of neigh­
boring views are required for reconstruction. The Floating
Scale Surface Reconstruction (FSSR) approach (Fuhrmann
and Goesele, 2014) is used to perform point­based mesh re­
construction.
Using an uncontrolled environment, as random internet

images or user made datasets, is an even more challenging
task. In these cases, other variables influence the final result,
such as variability in resolution, changes in lighting, occlu­
sions, and increased noise. In general, these datasets gener­
ate sparse clouds, unable to be used to create the 3D model.
To improve these point clouds, Schönberger et al. (2016) pro­
posed COLMAP, a general­purpose SfM (Schönberger and
Frahm, 2016) and MVS pipeline, offering a range of features
for reconstruction. Starting from the optimization framework

1Avaliable in https://www.gcc.tu­darmstadt.de/home/proj/mve/index.en.jsp

proposed by Zheng et al. (2014), COLMAP improves the
PatchMatch sampling scheme, applying a pixel­wise normal
estimation, introducing a multi­view geometric consistency
term and a “temporal” view selection smoothness term. The
inclusion of normal estimation and geometric prior allied to
the optimization framework and a novel likelihood function
makes the solution less memory expensive, as opposed to the
MarkovRandomField approach in Strecha et al. (2004). This
approach was compared to state­of­the­art algorithms in low
and high­resolution datasets, obtaining competitive results,
and sometimes outperforming the previous results.

In terms of completeness, a few state­of­the­art implemen­
tations are performing well, since problems such as low­
textured or reflexive regions make incomplete reconstruc­
tions using the dense correspondences. However, with the
advent of deep learning, the use of this model for applica­
tion in stereo reconstruction has grown. In Yao et al. (2018),
MSVNet is proposed, decreasing memory consumption by
building information from camera frustum and decoupling
the MVS construction into smaller problems. This method
outperformed the previous state­of­the­art, being faster in ex­
ecution time. Then, in Yao et al. (2019), a scalable MVS
framework called R­MVSNet is proposed based on recurrent
neural networks. It improves the MVSNet implementation
introducing recurrent regularization using a convolutional
gated recurrent unit (GRU) (Cho et al., 2014). R­MVSNet
is used to estimate the reference depth map in our approach.

After the R­MVSNet, several algorithms were proposed to
enhance the results and made better 3D models. One of these
projects is Point­MVSNet (Chen et al., 2019), a deep frame­
work that generates a coarse depth map and converts it into
a point cloud, predicting the deep in a coarse­to­fine man­
ner. This approach guarantees a more efficient representa­
tion of the target scene, refining the point cloud interactively
without converting to volumetric grids. The Point­MVSNet
was able to produce a high­quality and relatively fast recon­
struction, even without decreasing image resolution. After,
Chen et al. (2020) proposed the Visibility­Aware (VAPoint­
MVSNet) extends the Point­MVSNet with visibility­aware
multi­view feature aggregations, which aggregates informa­
tion to a better result with occlusions.

Another solution is the PA­MVSNet (Zhang et al., 2021),
which uses a pyramidal attention module, obtaining more in­
formation from the original image and generating a signifi­
cant improvement in the representation of features. This so­
lution has improved image quality and less noise, while it has
an increase the execution time for the generation of multi
pyramidal views. Overall, this system was relatively better
when compared to other methods. Focusing on decreasing
memory requirements to process high­resolution images, the
HighRes­MVSNet (Weilharter and Fraundorfer, 2021) uses
a pyramid encoder­decoder structure align to a coarse­to­fine
hierarchy, achieving to find depth correspondences. This ap­
proach significantly reduced the CPU and runtime require­
ments on challenging benchmarks, but had a intermediate re­
sult in terms of accuracy and completeness.
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Figure 1. The modified (including permissive AKAZE and OpenCV) COLMAP SfM pipeline used. Adapted from Fuhrmann et al. (2014).

3 Methods
As mentioned in Section 2, uncontrolled environments are
a challenging task in reconstruction. Most of the state­of­
the­art algorithms fail to perform complete large­scale scene
reconstructions from Internet images. To maximize the ro­
bustness, completeness, and accuracy of our solution and to
keep the time consumption low, we use a modified version of
the SfMmethod proposed in Schönberger and Frahm (2016),
the depth estimation of Yao et al. (2019) and PCL Rusu and
Cousins (2011) for meshing and texturing.

3.1 COLMAP Structure from Motion
Although COLMAP has a permissive license, some depen­
dencies such as QT, FreeImage, and SIFT Lowe (2004) can­
not be used commercially. To guarantee the use of COLMAP
SfM in our pipeline, we had to remove the QT Library, re­
place FreeImage by OpenCV Bradski (2000) and SIFT by
A­KAZE Alcantarilla and Solutions (2011). The SfM algo­
rithm works as follows: considering the Ii input image in
I = {Ii | i = 1 · · · NI} , we want to detect sets of local
features Fi = {(xj , fj) | j = 1 · · · NFi} at location xj ∈ R
represented by fj descriptor. To be recognized in multiple
images, these features have to be geometric invariant, so A­
KAZE is a good descriptor in terms of robustness. Using
theseFi features, SfM can identify the images that catch sight
of the same scene. This matching has to be scalable and effi­
cient, as the brute force approach is prohibitive for extensive
image collections. The output is the overlapping image pairs
C = {{Ia, Ib} | Ia, Ib ∈ I, a < b}.
With this C set, it is necessary to verify the geometric re­

lation, as the matching in the previous step is only based on
appearance. This process starts with the estimation of the fun­
damental matrix (for uncalibrated images) and essential ma­
trix (for calibrated images), finding the number of inliers, and
then the homography inliers. If it is found thatNinliers > th,
being th a threshold, the image is geometrically verified. By
triangulating points from essential matrix decomposition, it
is possible to find the triangulation angle αm, which is used
to distinguish pure rotation and planar scenes. This process,
allied to a similarity transformation check to remove com­
mon Internet photos problems (watermarks, timestamps, and
frames), enables an optimal initialization for a robust recon­
struction.

For the reconstruction step, the inputs are scene graphs,
the outputs are estimated poses P = {Pc ∈ SE(3) | c =
1, · · · , Np}, and the scene is reconstructed as a set of points
X = {Xk ∈ R3 | k = 1, · · · , NX}. The model is
initialized from dense image graph location, as the over­
lapped cameras can result in more accurate reconstruction.
The intrinsic parameters and the Pc pose are estimated by
solving the Perspective­n­Point (PnP) problem, based on al­
ready found 2D­3D correspondences. As these correspon­
dences are typically contaminated by outliers, Schönberger
and Frahm (2016) proposed a better image selection, en­
hancing the uncertainty­driven solution of Haner and Hey­
den (2012) and giving a score considering how visible and
uniform the points distribution is. After the triangulation, a
step that is crucial and high computational, the reconstructed
scene can be added toX . The recursive RANSACmulti­view
triangulation handles the outlier contamination, reducing the
cost of this step. Figure 1 shows the SfM pipeline used.

3.2 R­MVSNet
MVSNet (Yao et al., 2018) (Figure 2) showed state­of­the­
art results on the DTU datasetJensen et al. (2014)2, but it is
prohibitive for large­scale scenes. To solve this problem, Yao
et al. (2019) proposed a recurrent MVSNet implementation.
This approach starts with a recurrent regularization scheme
with sequential processing of a C cost volume, based on
GRU. C is viewed as D cost maps {C(i)}D

i=1 concatenated
in depth direction. That means the Cr(t) step is dependent
on cost maps of C(t) as well as all previous {C(i)}t−1

i=1 steps.
This temporal context information is modeled as a GRU con­
volutional variant, formulated as

Cr(t) = (1 − U(t)) � Cr(t − 1) + U(t) � Cu(t), (1)

being � the element­wise multiplication, U(t) the update
gate map to decide, and Cr(t − 1) the regularized cost map
of late step. Cu(t) could be viewed as the updated cost map
in current step, defined as

Cu(t) = σc(Wc ∗ [C(t), R(t) � Cr(t − 1)] + bc), (2)

where ∗ is the convolution operation, R(t) is the reset gate
map deciding how much the previous Cr(t − 1) affects the

2http://roboimagedata.compute.dtu.dk/?page_id=36
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current update, σ(·) is the sigmoid nonlinear mapping and []
is the concatenation. The last output and current input feeds
both update and reset gates. BeingW and b the learning rates
and σg the hyberbolic tangent function, the gates formula are

R(t) = σg(Wr ∗ [C(t), Cr(t − 1)] + br), (3)

U(t) = σg(Wu ∗ [C(t), Cr(t − 1)] + bu). (4)

Figure 2. MVS reconstruction steps: (a) The reference image. (b) Final
depth map. (c) Probability estimation for the obtained depth map. Adapted
from Yao et al. (2019).

This model uses a singular layer GRU model that can
be stacked to create deeper networks (Figure 3). The base
pipeline starts with a 2D convolutional layer to map the C
cost map, which is an input to the GRU layer. Next, a soft­
max layer generates the probability volume P from the reg­
ularized maps to calculate the training loss. The R­MVSNet
model applies the inverse depth, treating the problem as a
multi­class classification, with cross­entropy loss:

Loss =
∑

P

(
D∑

i=1
−P (i, p) · log Q(i, p)), (5)

where p is the spatial image coordinate, andP (i, p) is a voxel
in the probability volume P . Q is the ground truth binary
occupancy volume generated by the one­hot encoding of the
ground truth depth map. Q(i, p) is the voxel corresponding
to P (i, p).

Figure 3. The R­MVSNet architecture. Features are extracted from input
images and the cost maps are obtained at different depths, being then regu­
larized by the convolutional GRU. Adapted from Yao et al. (2019).

3.3 PCL Library
PCL is a standalone, open­source library for point cloud pro­
cessing tasks and geometric processing written in C++. It
contains algorithms for filtering, feature extraction, segmen­
tation, surface estimation, object recognition, visualization,
among others. We selected some of these techniques to com­
plement the proposed reconstruction. For more details on the
algorithms check Rusu (2011).

3.3.1 Filtering

During the point cloud estimation, measurement errors can
lead to sparse outliers, causing corruption errors and erro­
neous reconstruction. Statistical analysis can be performed
to solve some of these irregularities, as the distribution of
point to input neighbors distance. That can be done assum­
ing a Gaussian distribution of the mean of all point distances
to neighbors, and applying the mean and standard deviation
to remove all data of this interval. Also, we downsampled
the point cloud using the Voxel Grid filter algorithm, which
can be seen as a grid of small 3D boxes in space, where all
points inside these boxes are approximated to their centroid,
taking a spatial average of the points in each voxel. Figure
4 shows an example of a dense point cloud passing through
these filters.

Figure 4.Outlier removal and point density reduction in the Pikachu dataset
using PCL. (a) Dense point cloud; (b) Point cloud after filtering.

3.3.2 Resampling

Resampling algorithms can be used in case of occlusion
or noisy data, when is impossible to do an additional scan
to recreate missing parts of the surface. The Moving Least
Squares (MLS) method was used to reconstruct the surface
from the estimated set of points and also to remove some
small artifacts, i.e., double walls. MLS provides an interpo­
lated surface for this set, fitting higher order polynomials to
each point. This method was selected because it has the ad­
vantage that the resultant fitted surface passes through the
original data points. Figure 5 shows an example of a point
cloud before and after resampling.

Figure 5. Smoothing of the Pikachu dataset point cloud using the MLS al­
gorithm of PCL. (a) Point cloud with noise; (b) Smoothed point cloud after
resampling.

3.3.3 Normal estimation

One critical step for high­quality visual effects is normal es­
timation. With this, we can access essential properties of ge­
ometric surfaces, being possible to know object orientation,
for example, used to define light, shade, and other visual ef­
fects. With the point cloud model, normal estimation is usu­
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