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Abstract: The increased development of camera resolution, processing power, and aerial platforms
helped to create more cost-efficient approaches to capture and generate point clouds to assist in
scientific fields. The continuous development of methods to produce three-dimensional models
based on two-dimensional images such as Structure from Motion (SfM) and Multi-View Stereopsis
(MVS) allowed to improve the resolution of the produced models by a significant amount. By
taking inspiration from the free and accessible workflow made available by OpenDroneMap, a
detailed analysis of the processes is displayed in this paper. As of the writing of this paper, no
literature was found that described in detail the necessary steps and processes that would allow
the creation of digital models in two or three dimensions based on aerial images. with this, and
based on the workflow of OpenDroneMap, a detailed study was performed. The digital model
reconstruction process takes the initial aerial images obtained from the field survey and passes
them through a series of stages. From each stage, a product is acquired and used for the following
stage, for example, at the end of the initial stage a sparse reconstruction is produced, obtained by
extracting features of the images and matching them, which is used in the following step, to increase
its resolution. Additionally, from the analysis of the workflow, adaptations were made to the standard
workflow in order to increase the compatibility of the developed system to different types of image
sets. Particularly, adaptations focused on thermal imagery were made. Due to the low presence of
strong features and therefore difficulty to match features across thermal images, a modification was
implemented, so thermal models could be produced alongside the already implemented processes
for multispectral and RGB image sets.
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Technological growth experienced in the last decades allowed for improved computational power, consequence of the increase number of transistors integrated on circuits,
which in turn also assisted on the increase in product quality over the years. Additionally,
due to the complexity and energy demands of electrical circuits, progress were made to
improve component’s energy efficiency in order to lower the overall impact of energy
product in the environment. This way, a path was paved that led to an improvement in
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storage capacity and growth in image quality through the increase availability of more
pixels in cameras [1].
The image collection obtained from an aerial survey is embedded with information
regarding the camera’s configurations, most notably its distortion coefficients, and in some
cases, where aerial vehicles are followed with a locating device, the information related
to Global Navigation Satellite System (GNSS) coordinates and vehicle’s attitude can be
relayed to the camera and stored in the metadata of the image file.
From the information extracted from the metadata of the image set, the algorithm
analyzes and withdraws features of each image and compares them between neighboring
images using the SIFT [2] and FLANN [3] methods, respectively. On the later method,
image pairings are created indicating that features on one image were present on the other.
Feature tracks are created using this image pairing information. The tracks inform how the
feature was developed over the course of the survey and what are the images present on
each feature track. Finally, the reconstruction is built using incremental reconstruction by
iteratively adding images to the overall model until no more images of the image set are
left. The steps described above compose the Structure from Motion (SfM) workflow.
As the previous workflow produces a point cloud model with a low point density, the
resolution is greatly reduced. This way, a densification process is performed by estimating
and merging depth maps using the images that were integrated into the sparse point cloud.
From this, a higher density of points is obtained with improved resolution. Afterward, a
mesh surface is created and textured using the image collection.
The extracted GNSS information from the metadata of each image is used to locate
geographically the reconstructed model in the real world reference, and finally, an orthomap
of the surveyed area is created.
Furthermore, image metadata information alongside the flexibility that UAVs possess
creates a fast-expanding field in remote sensing where georeferenced and high-resolution
models such as orthomaps, digital surface/elevation models, and point clouds can be used
as assessment tools of remote sensing.
In addition, on the writing of this paper, no literature was found that addresses
in detail the processes taken to generate a map from aerial images obtained using an
unmanned aerial vehicle (UAV). Therefore, and by taking inspiration on the workflow
of [4], this paper aims to reveal an overview of an automated system that allows the creation
of maps using aerial images. Moreover, an analysis of the details on why each step was
taken and how ultimately 3D models are produced is performed.
Additionally, from the study of the developed system, it was observed that no thermal imaging implementation was integrated. Moreover, literature research showed that
mapping thermal images usually presents low resolution. This is due to homogeneity of
outdoor environments and the low presence of features in thermal images, so thermal
images are captured at higher altitudes, increasing the camera’s footprint, while lowering
resolution. This way, a different approach was considered, and an open-source method was
proposed that allowed thermal images to be used by the implemented mapping technique.
The paper is comprised of the current introduction, a state of art of structure from
motion is studied in Section 2. Section 3 represents the core of this paper and is composed
by the steps of the system. For each step, an introduction to its objective is made followed by
a detailed analysis of the implemented approach. In order to illustrate the products derived
from each step, their output models are presented. Section 4 presents the results obtained
using different data sets processed using the automated system. Lastly, a conclusion and
remarks are made in the final section.
2. Related Work
Photogrammetry is a mapping method often used in the production of accurate digital
reconstruction of physical characteristics such as objects, environment, and terrain through
the documentation, measurement, and interpretation of photographic images. It is a process
used to deduce the structure and position of an object from aerial images through image
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measurements and interpretation. The goal of these measurements is to reconstruct a digital
3D model by extracting three-dimensional measurements from two-dimensional data.
The process of photogrammetry is similar to how a human’s eye percepts depth.
Human eyes are based on the principle of parallax, and it refers to the effects of changing
the perspective regarding a stationary object. A common point on each image is identified,
and a line of sight (or ray) is constructed between the camera and these points. The
intersection of two or more rays enables the ability to obtain a 3D position of the point
using triangulation. Repeating this process to every point corresponding to a surface can
be used to generate a Digital Surface Model (DSM).
The improvement of sensors and data acquisition devices along with advances to surveying platforms which increased the use of UAVs in field surveys lead to an improvement
in resolution of orthomaps and point clouds using the photogrammetry technique.
As the demand of software that was able to process images and create digital models
to be used in scientific fields increased, two categories of programs were developed:
commercial and free.
The commercial programs provide the needed photogrammetry functionalities at a
cost, usually in bundles based on the customer’s needs. Two widely known programs in
the sphere of computer vision photogrammetry are Agisoft and Pix4D.
Agisoft Metashape is a computer vision software developed and commercialized by
Agisoft LLC. and is used to produce quality digital models and orthomosaics. It allows
the processing of RGB and multispectral images with the ability to eliminate shadows
and texture artifacts as well as compute vegetation indices. Metashape also allows the
combination of SfM with laser scanning surveying techniques in order to increase the
quality of digital models [5].
Pix4D is a software company that develops a photogrammetry program. It allows the
automatic computation of image orientation and block adjustment technology to calibrate
images. A precision report is returned by the program containing detailed information
regarding automatic aerial triangulation, adjustments, and GCP accuracy to assess the
quality of the generated model [6].
Nevertheless, often the cost to acquire such commercial programs is a constraint for
surveyors. Therefore, open-source programs developed and made accessible by community
users are an alternative. However, as these are developed by users’ contributions, these are
usually simpler programs that lack some or most of the functionalities available compared
to commercial ones. On the other hand, as these programs are open-sourced, users can
customize, make adjustments, or even develop their own improvements in an attempt
to optimize and further develop the general concept of SfM and make them available
for future users to benefit from. Examples of some free photogrammetric programs are
Microsoft Photosynth, Arc3D, and Bundler.
Arc3d stands for Automatic Reconstruction Conduit to generate 3d point clouds and
mesh surfaces, and it is available as a web service. It possesses tools to produce and
visualize digital models derived from user-inputted data. The service performs calibration,
feature detection, and matching as well as a multi stereo reconstruction over a distributed
network producing at the end a dense point cloud as a result and making the process faster
and more robust [7].
Bundler is a free program developed based on the technique of SfM. It was used as a
method of reconstruction using unordered image collections. Bundler operated similarly
as SfM, but the reconstruction was done incrementally. However, Bundler is unable to
develop dense point clouds so a complementing program is needed to help densify the
point clouds, PMVS2 (Patch-based Multi-view Stereo Software version 2) [8].
In order to evaluate the performance of both commercial and free software, the results
studied in literature and obtained by other authors are shown ahead.
In [9], software-based in SfM were evaluated based on the effects on accuracy, ground
sampling distance (GSD), and horizontal and vertical accuracy, depending on the ratio of
GCPs vs checkpoints (CP), and the relation to its distribution.

Remote Sens. 2021, 13, 3227

4 of 47

In this work, Agisoft Metashape, Inpho UAS Master, Pix4D, ContextCapture and MicMac were evaluated by their performance.
Inpho UAS Master is a software developed and sold by Trimble. It allows the production of point clouds through imaging as an alternative to laser scans with help of
geo-referencing and calibration. Ability to create colorized digital models and orthophotos.
Context Capture developed by Bentley aims to produce 3d models derived from
physical infrastructures from photographs in as a small time frame as possible. The 3D
models generated by it enable users to obtain a precise real-world digital context to aid in
decision-making.
MicMac is a free open-source photogrammetric software with contributions from
professionals and academic users in order to provide constant improvements. A benefit
of this method of development is the high degree of versatility which can be useful in
different kinds of study fields.
Three configurations were set up, one for control with 18 GCPs used for camera
calibration, and the result of two configurations were tested against the control one. One
test configuration used 11 GCPs and 7 CPs and the other one 6 GCPs and 12 CPs. The
configurations are illustrated in Figure 1.

(a) Configuration 1 using 18 GCPs (control). (b) Configuration 2 with 11 GCPs and 7 CPs. (c) Configuration 2 with 6 GCPs and 12 CPs.
Figure 1. Configurations used to evaluate the effects of GCPs distribution and GCP vs CP relation: (a) is used as a control
group as all the markers are used as GCPs; (b) illustrates the second configuration where the markers are split into two
types, GCPs and CPs, where 12 markers are used as GCPs and 7 for CPs, respectively. The final image (c) aims to evaluate
the results obtained by using less markers as GCPs. Adapted from [9].

Aside from ContextCapture, all three software performed delivered results below the
GSD which was calculated to be around 1.8 cm.
Agisoft and MicMac were further selected to evaluate the effects of the distribution
and amount of GCPs using Leave-one-out (LOO) cross-validation. These programs were
chosen based on their performance, and the first configuration was chosen because it had
evenly distributed GCPs.
In this case, one GCP was left out of the bundle adjustment process and later tested.
The objective of this assessment was to verify if a particular GCP can influence the final
result. The errors present in this assessment did not provide a significant deviation from
the previous test, and a conclusion was reached as the GCP configuration did not play a
part in the results obtained by the previous test. The values of the experiment are displayed
in Table 1.
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Table 1. Results obtained from the different software tested. Adapted from [9].

Metashape

UAS Master
Casella et al. [9]
Config 1: GCP 18

Pix4D

ContextCapture

MicMac

Metashape

UAS Master
Casella et al. [9]
Config 1: GCP 18

Pix4D

ContextCapture

MicMac

Metashape

UAS Master
Casella et al. [9]
Config 1: GCP 18

Pix4D

ContextCapture

MicMac

mean
std
rmse
mean
std
rmse
mean
std
rmse
mean
std
rmse
mean
std
rmse
mean
std
rmse
mean
std
rmse
mean
std
rmse
mean
std
rmse
mean
std
rmse
mean
std
rmse
mean
std
rmse
mean
std
rmse
mean
std
rmse
mean
std
rmse

x (m)
0.000
0.003
0.003
0.000
0.002
0.002
0.000
0.004
0.004
0.000
0.004
0.004
0.000
0.004
0.004
0.000
0.003
0.003
0.000
0.003
0.003
0.000
0.004
0.004
0.001
0.005
0.005
0.000
0.004
0.004
0.000
0.001
0.001
0.000
0.007
0.007
0.000
0.004
0.004
−0.003
0.007
0.008
0.000
0.006
0.006

GCP
y (m)
0.000
0.003
0.003
0.000
0.002
0.002
0.000
0.005
0.005
0.000
0.004
0.004
0.000
0.005
0.005
0.000
0.003
0.003
0.000
0.003
0.003
0.000
0.005
0.005
−0.001
0.004
0.004
−0.001
0.005
0.005
0.000
0.004
0.004
−0.001
0.005
0.005
0.001
0.008
0.008
0.002
0.005
0.005
0.000
0.005
0.005

z (m)
0.000
0.009
0.009
0.000
0.008
0.008
−0.001
0.010
0.010
0.000
0.009
0.009
0.000
0.005
0.005
0.000
0.009
0.009
0.000
0.008
0.008
−0.001
0.008
0.008
0.000
0.009
0.009
−0.001
0.006
0.006
0.000
0.006
0.006
0.002
0.015
0.015
−0.001
0.008
0.008
0.011
0.027
0.029
−0.001
0.006
0.006

x (m)

CP
y (m)

z (m)

−0.001
0.004
0.004
0.002
0.007
0.007
0.002
0.005
0.005
0.001
0.008
0.008
0.000
0.005
0.005
−0.001
0.004
0.004
0.001
0.005
0.005
−0.001
0.005
0.005
−0.007
0.009
0.011
−0.001
0.003
0.004

−0.001
0.005
0.005
−0.001
0.004
0.004
0.002
0.007
0.007
−0.002
0.007
0.007
0.000
0.006
0.005
−0.005
0.004
0.006
0.000
0.004
0.004
0.001
0.005
0.005
0.000
0.007
0.007
−0.005
0.005
0.007

−0.001
0.013
0.013
0.010
0.017
0.020
0.003
0.015
0.015
−0.003
0.012
0.012
−0.003
0.005
0.006
−0.007
0.016
0.017
0.007
0.023
0.024
0.002
0.014
0.014
0.020
0.037
0.042
−0.005
0.007
0.009

A couple of different programs were compared in [10]. A previously tested Agisoft
was compared along with Microsoft Photosynth, ARC3D, bundler, and
CMVS/PMVS2 in terms of point cloud quality.
From the beginning, a deduction could be reached regarding point cloud completeness.
Agisoft presented a complete point cloud without any gaps with 1.3 million points followed
by PVMS2 with 1.4 million points although it presents gaps in some zones. The pair
Photosynth and Bundler presented similar results with a point cloud with several gaps.
ARC3D presented the worst results from the fact that it was only capable of generating
point clouds using half of the coverage resulting in regions with high point density but
with the presence of void patches. Figure 2 illustrates the results obtained.
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A later accuracy test was performed using the two best-performing programs, Agisoft
and PVMS2, to estimate their point cloud accuracy. Because the same dataset was used
on both programs, this was used to estimate the accuracy of each program. It was noted
that for both programs, the positional accuracy presented roughly the same amount of
deviations. From PMVS2 resulted a deviation of 235 mm for the entire area and 136 mm
for nearby points of the referenced markers while Agisoft presented deviations of 256 mm
and 56 mm, respectively. Regarding height deviations, points generated using PMVS2
presented themselves, on average, with a 5 mm deviations for the complete survey area and
2 mm deviations near referenced markers. In contrast, Agisoft generated points displayed
−5 mm of height deviations when the complete area was assessed and −25 mm close
to GCPs. Additionally, Agisoft seemed to keep a stable deviation compared to PMVS2
which seemed to degrade near the edges. Figure 3 illustrates the results obtained from the
positional and height accuracy.

(a) Microsoft Photosynth

(b) Bundler

(c) PMVS2

(d) Agisoft Metashape

Figure 2. Comparison of different programs. (a) point cloud produced by Microsoft Photosynth.
Several gaps are present in the point cloud. Features (cars) are barely visible; (b) Bundler’s point
cloud presents similar results as (a). Gaps are present as well as barely detectable features; (c) PMVS2
presents a clearer cloud compared to (a,b). The point cloud is almost complete except for the edges
and at the center. In this case, the cars are very distinguishable; (d) Agisoft Metashape produced a
complete point cloud with no gaps. Adapted from [10].

In [11] a comparison of standard photogrammetry programs and computer vision
software was made. Concepts should be clarified here. In the literature, programs in
which user input is required, except for image dataset introduction, are classified as
standard photogrammetry. In contrast, computer vision software is a program that given
the image dataset can identify feature points, align images in a specific orientation, perform
georeferencing, self-calibrate, and produce a point cloud without any user interaction
besides settings configuration/optimization.
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(a) PMVS2 positional deviations

(b) PMVS2 height deviations

(c) Agisoft positional deviations

(d) Agisoft height deviations

Figure 3. Positional and height deviations comparisons between the results obtained from PMVS2
and Agisoft. The vectors illustrated on the (a,c) represent the deviations in position of points. Larger
vector sizes indicate a larger deviation. The circles on (b,d) describe the height deviations of points,
where larger circles represent larger height deviations. Additionally, the crosses illustrate reference
markers. Adapted from [10].

Here, Erdas Leica Photogrammetry Suite (LPS), Photomodeler Scanner (PM), and EyeDEA were analyzed as photogrammetry programs. Agisoft Metashape and Pix4d were
compared as computer vision software.
The first difference between these programs was the ability to detect GCPs. LPS and
EyeDEA needed manual selection while Pix4d and Agisoft were able to detect GCPs automatically. The effect of this is the deviations later obtained in the bundle block adjustments
are smaller on computer vision software when compared to photogrammetry programs.
Digital Surface Models (DSM) were also used to compare the software. Agisoft was
able to recognize edges and produced a sharper DSM while the other programs had to
interpolate values in areas where sharp height variation occurred.
To conclude, the authors point out that photogrammetry programs obtained the best
Root Mean Square Error (RMSE) of control points as photogrammetry’s RMSE are 2–4×
lower than the RMSE presented by computer vision software. This fact could be explained
by the manual selection of control points compared to computer vision. The RMSE values
are displayed in Table 2.
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Table 2. CP RMSE values obtained for each software. Adapted from [11].
x (mm)

y (mm)

h (mm)

LPS

48

47

90

EyeDEA

16

12

36

PhotoModeler

51

41

137

Pix4D

81

46

214

Metashape

74

61

83

However, computer vision software’s ability to automatically generate dense point
clouds such as Agisoft seemly achieved the most reliable results with lower RMSE and
sharper models. This last characteristic is due to height variations being easily identified by
Agisoft as edges compared to the other software. Additionally, Agisoft was able to extract
features from smooth areas, where it can be harder to identify, and in regions obscured
by shadows.
Another work comparison was made in [12] where an orthomap product from Agisoft Metashape was compared to Pix4D. The processing time was calculated, and the
accuracy of the orthomaps was computed. The authors reached the conclusion that Agisoft produced orthographic images of the survey area faster, but Pix4D produced a more
accurate orthomap.
In [13], a rockfall point cloud was generated and evaluated for its quality. The programs used in this work are Agisoft Metashape and OpenMGV complemented by OpenMVS. This work is important because it reflects the importance of programs to produce
accurate point clouds in challenging environments where GPCs placements are not available, so it relies on positional and orientation sensors for georeferencing. These point
cloud models were assessed subjectively and objectively based on their model quality
and accuracy.
Subjective evaluation is fulfilled by users that classify the completeness, density, and
smoothness of the reconstruction. In contrast, objective evaluation measures the accuracy
metrics such as the number of points, point density, and point to point distance.
Results from this work showed that for a significantly small area, aerial photogrammetry can produce spatial resolution point clouds with a significantly lower cost and labor
compared to traditional laser scanning.
Even though a wide range of programs was presented in this study and their benefits
were compared with each other, progressive work has been made to integrated data
acquired by UAV with web service solutions.
Guimarães et al. [14] proposed a visual web platform designed to process UAV acquired images based on open-source technologies. The integration of software was done
by a client and server using REST communication architecture. This way, information
regarding point cloud production settings would be set by users with the images and sent
as a request to a server. Here, MicMac would process the image data based on the user’s
settings. The result will then be stored on a server and it would be shared with the user via
a web application, like Potree [15,16].
The workflow of the platform can be divided into 4 modules. The first module processes the images derived from the UAV survey and returns a map composed by the
stitching of individual images and a 3D dense point cloud. Module 2 transfers the orthomosaic to a server making it available to web services. Visualization of the orthomosaic is
made possible through the use of a Web Map Service (WMS) responsible for Module 3. The
analysis and visualization of the dense point cloud were implemented with leaflet [17] and
Potree on the last Module. The Table 3, on the next page, illustrates the errors obtained by
each of the programs studied in their works.
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Table 3. A table with the error resulting from the comparison of different programs. Casella et al. and Sona et al. first
configuration is used as a control configuration to calibrate the system. The next configurations are used to test different
amount of GCP configurations using checkpoints as evaluating points. It is worth noting that Metashape allows a creation
of a better fit of data model (lower RMSE values) although with a more balanced amount of GCP/CP (such as config 2 of
Casella et al.), MicMac should be mentioned providing less error at the Z component as an open-source web program. In
Guimarães et al., errors are quite similar between the two programs surveyed from two study areas.

Metashape
UAS Master
Casella et al. [9]
Config 1: GCP 18

Pix4D
ContextCapture
MicMac
Metashape
UAS Master

Casella et al. [9]
Config 2: GCP 11/CP 7

Pix4D
ContextCapture
MicMac
Metashape
UAS Master

Casella et al. [9]
Config 3: GCP 6/CP 12

Pix4D
ContextCapture
MicMac

Sona et al. [11]
Config 1: GCP 15

Sona et al. [11]
Config 2: GCP 5/CP 10

Guimarães et al. [14]
Study Area 1
Guimarães et al. [14]
Study Area 2

LPS
EyeDEA
PhotoModeler
Pix4D
Metashape
LPS
EyeDEA
PhotoModeler
Pix4D
Metashape
Pix4D
MicMac
Pix4D
MicMac

mean
std
rmse
mean
std
rmse
mean
std
rmse
mean
std
rmse
mean
std
rmse
mean
std
rmse
mean
std
rmse
mean
std
rmse
mean
std
rmse
mean
std
rmse
mean
std
rmse
mean
std
rmse
mean
std
rmse
mean
std
rmse
mean
std
rmse
rmse
rmse
rmse
rmse
rmse
rmse
rmse
rmse
rmse
rmse
mean
rmse
mean
rmse
mean
rmse
mean
rmse

X(m)
0.000
0.003
0.003
0.000
0.002
0.002
0.000
0.004
0.004
0.000
0.004
0.004
0.000
0.004
0.004
0.000
0.003
0.003
0.000
0.003
0.003
0.000
0.004
0.004
0.001
0.005
0.005
0.000
0.004
0.004
0.000
0.001
0.001
0.000
0.007
0.007
0.000
0.004
0.004
−0.003
0.007
0.008
0.000
0.006
0.006
0.109
0.057
0.023
0.025
0.008
0.119
0.068
0.026
0.030
0.009
0.000
0.009
0.002
0.012
0.004
0.017
−0.002
0.019

GCP
Y(m)
0.000
0.003
0.003
0.000
0.002
0.002
0.000
0.005
0.005
0.000
0.004
0.004
0.000
0.005
0.005
0.000
0.003
0.003
0.000
0.003
0.003
0.000
0.005
0.005
−0.001
0.004
0.004
−0.001
0.005
0.005
0.000
0.004
0.004
−0.001
0.005
0.005
0.001
0.008
0.008
0.002
0.005
0.005
0.000
0.005
0.005
0.089
0.050
0.021
0.023
0.007
0.101
0.061
0.023
0.028
0.008
0.000
0.007
−0.003
0.009
−0.006
0.015
0.003
0.016

Z(m)
0.000
0.009
0.009
0.000
0.008
0.008
−0.001
0.010
0.010
0.000
0.009
0.009
0.000
0.005
0.005
0.000
0.009
0.009
0.000
0.008
0.008
−0.001
0.008
0.008
0.000
0.009
0.009
−0.001
0.006
0.006
0.000
0.006
0.006
0.002
0.015
0.015
−0.001
0.008
0.008
0.011
0.027
0.029
−0.001
0.006
0.006
0.215
0.142
0.057
0.061
0.020
0.259
0.181
0.066
0.076
0.023
0.000
0.019
0.018
0.021
0.004
0.022
0.006
0.023

X(m)

CP
Y(m)

Z(m)

−0.001
0.004
0.004
0.002
0.007
0.007
0.002
0.005
0.005
0.001
0.008
0.008
0.000
0.005
0.005
−0.001
0.004
0.004
0.001
0.005
0.005
−0.001
0.005
0.005
−0.007
0.009
0.011
−0.001
0.003
0.004

−0.001
0.005
0.005
−0.001
0.004
0.004
0.002
0.007
0.007
−0.002
0.007
0.007
0.000
0.006
0.005
−0.005
0.004
0.006
0.000
0.004
0.004
0.001
0.005
0.005
0.000
0.007
0.007
−0.005
0.005
0.007

−0.001
0.013
0.013
0.010
0.017
0.020
0.003
0.015
0.015
−0.003
0.012
0.012
−0.003
0.005
0.006
−0.007
0.016
0.017
0.007
0.023
0.024
0.002
0.014
0.014
0.020
0.037
0.042
−0.005
0.007
0.009

0.050
0.073
0.054
0.039
0.050

0.050
0.081
0.050
0.054
0.019

0.130
0.329
0.114
0.213
0.055

3. Methodology
In this section, the adopted workflow, inspired by the work of [4], describes the steps
and details of how models and orthophotos are reconstructed based on imagery of the
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surveyed area. A general flowchart that illustrates the steps taken, from the input of image
sets to the output of reconstruction models and ortho map, is illustrated in Figure 4
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Figure 4. Step-by-step representation of the methodology implemented.

3.1. Data Load/Input
The images obtained from the survey are then loaded from the camera into the
computer and later to the program. Depending on multiple factors, area of survey, overlap
level, number of surveys, the program might need to process a high volume of images. In
order to optimize this issue, the program takes into account the number of processing cores
made available by the system and uses them to process operations in parallel.
A database of the images are created, images.json. This file contains information pertaining to the filename, size of each image, camera make and model, its GNSS coordinates,
its band name and index, radiometric calibration, exposure time, and the attitude of the
UAV when the image was taken of all the images that compose the dataset.
A list image_list.txt with the path to all the images is created. A coordinate file,
coords.txt, is created containing the GNSS positions of all images.
The MicaSense camera, with the GNSS and DLS modules, stores information regarding
what type of grid coordinate was used, what world geodetic system was chosen, the unit of
measurement adopted, and the coordinate reference system. This information is extracted
from the coords.txt file and stored in a proj.txt file.
To georeference the images, a standard coordinate must be declared first. The standard
coordinates will establish the geographic positions of a map. Common grid coordinates
are UTM, MGRS, USNG, GARS, GEOREF, and UPS.
The world geodetic system (WGS) is the norm used in cartography and satellite
navigation that defines geospatial information based on the global reference system. The
scheme WGS84 is the reference coordinate system used by the GNSS which best describes
the Earth’s size, shape, gravity, and geomagnetic fields with its origin being the Earth’s
center of mass [18].
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The unit of measurement adopted relates to the magnitude of the distance. In this
case, the unit of measurement used is the meters.
The spatial reference system (SRS) or coordinate reference system (CRS) tells the
mapping software what method should be used to project the map in the most geographic
correct space.
3.2. Structure from Motion
Structure from Motion will be responsible for the sparse reconstruction. Here the
images taken from the survey will be processed and a first model will be created.
From each image of the image set, its metadata will be extracted, a database of features
detected from each image will be created to be later used to identify similar features in
subsequent images. A tracking model will be generated from the feature matching. This
tracking model will let the algorithm know the best way to overlap and display the images
so a positional agreement can be reached when the map can be generated. Finally, the point
cloud model is reconstructed based on the tracking model. Following the tracking model,
images are gradually added until no more images are left.
The steps explained below were performed with the assistance of an open-source
library available in [4,19].
3.2.1. Metadata Extraction
In this step, the file image_list.txt is used to locate and extract the metadata from the
images. This is embedded in the image file at the moment of the capture. An EXIF file is
created for each image with the contents of its metadata. It will extract the make and model
of the camera used to capture it, size of the image, the projection type used, the orientation
and GNSS coordinates of the drone when the image when taken, capture time, focal ratio,
and the band name specifying to which multispectral cameras is the image associated with.
Alongside the metadata extraction, the camera settings used at the time of the survey
are stored in camera_models.json, that is, information such as the projection type, image
size, focal length in the x and y-axis, optical center, k coefficients which correspond to the
radial components of the distortion model, and p coefficients (p1 and p2) associated with
the tangential distortion components [20].
The measurement of these distortion components is important as the presence of these
distortions has an impact on the image texture. If the distortion is not removed, the corners
and margins of the image would present a narrower field of view when compared to an
undistorted image [21].
Additionally, information regarding the GNSS coordinates and the capture time of
each image allows a restriction on the number of images whose features need to be matched
against a fewer number of neighboring images [18].
3.2.2. Feature Detection
In this step, features are extracted from each image, and a database is created with
this information.
Published in 1991 by David Lowe [2], Scale-Invariant Feature Transform (SIFT) is
used in computer vision to process an image and extract scale-invariant coordinates corresponding to local features. Since then, various algorithms were developed to improve
on the processing time that SIFT required. One of these algorithms was developed by
Hebert et al. called Speeded Up Robust Features (SURF) [22]. SURF took the advantage of
using complete images and an approximate Laplacian of Gaussian function applied to a
convolution filter. This way, SURF allowed for 3x faster processing times and was able to
process rotation and blurring present in images. However, it lacked the stability to handle
illumination changes in images.
The algorithm of SIFT will be explained further ahead. Due to the slow computation
time, a faster method was developed by Hebert et al. called Speeded Up Robust Features (SURF) [22]. One of the benefits of this method was the use of complete images and
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an approximate Laplacian of Gaussian function applied to a convolution filter. Although
this method is 3x faster and can be applied to images with rotation and blurring, it lacks
stability when handling images with illumination changes. A second method used to extract features, called Oriented FAST and Rotated BRIEF (ORB) [23] uses a FAST algorithm
for corner detection in order to identify features. A pyramid is used for multi-scale features
where an image is represented in multiple scales. ORB uses BRIEF descriptors to store
all the detected keypoints in a vector. This way, ORB allows results similar to SIFT and
better than SURF while being 2x faster than SIFT. The downside is the inability of the FAST
algorithm to extract the features’ orientation.
In this project, the algorithm developed by Lowe et al. is used to extract features.
The features are then stored in an npz containing each feature’s, x, y, size, and angle
points normalized to the image coordinates, the descriptors, and the color of the center of
each feature.
The normalization of coordinates improves stability as the position of the feature is
independent of the image resolution since the center of the image is considered the origin.
To identify features that are invariant to scaling transformations, a filter needs to
be applied. From [24,25] the Gaussian function is the function that can be used as a
convolution matrix for scale-space representation, so a scale spaced image, L( x, y, σ ), can
be characterized by the convolution between the Gaussian function, G ( x, y, σ ), and the
input image, I ( x, y) (Equation (1)).
L( x, y, σ ) = G ( x, y, σ ) ∗ I ( x, y)

(1)

where the Gaussian function is defined as (Equation (2)).
G ( x, y, σ ) =

1 − x2 +2y2
e 2σ
2πσ2

(2)

In order to detect scale-invariant features, a difference-of-Gaussian function is calculated by taking two images processed with the Gaussian function using two distinct values
of the factor k (Equation (3)). This allows for an efficient method to compute features on
any scale as scale-space features can be detected by a simple
D ( x, y, σ ) = ( G ( x, y, kσ ) − G ( x, y, σ )) ∗ I ( x, y)

= L( x, y, kσ) − L( x, y, σ)

(3)

The DoG functions supply an acceptable approach to the normalization of scale from
the Laplacian of Gaussian (4) that when normalizing the function for the σ2 a true scale
invariance is achieved and with this the best image features are delivered [26].
LoG ( x, y) = σ2 ∇2 G

(4)

The approximation is acceptable however because the relation between D and Log
can be expressed by Equation (5), when parameterized to σ.
∂G
= σ ∇2 G
∂σ
with this, an approximation of
σ ∇2 G =

∂G
∂σ

(5)

can be attained from ∇2 G (Equation (6)).

∂G
G ( x, y, kσ ) − G ( x, y, σ )
≈
∂σ
kσ − σ

(6)

By shifting the divisor of the second tranche, we arrive at Equation (7). This demonstrates that the normalization of the σ2 factor from the Laplacian of Gaussian, which
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corresponds to true scale invariance, is already integrated when the DoG images are
divergent by a constant value.
G ( x, y, kσ ) − G ( x, y, σ ) ≈ (k − 1)σ2 ∇2 G

(7)

An image is combined with the Gaussian functions with different values of K. The
resulting images are images with different levels of blurriness. The Difference-of-Gaussian
(DoG) image is produced by the subtraction of adjacent images Figure 5.

Figure 5. The left column represent the images resulted from the Gaussian functions with different
values of K. The right column displays the Difference-of-Gaussian images that resulted from the
subtraction of neighboring images. Adapted from [27].

These DoG images are stacked, and each sample point is examined between its
neighbors from the same scale layer and nine neighbors from the scale above and below.
Based on the comparison of the sample point with all of its neighbors, it can be viewed as
a feature candidate if local maxima or minima, depending on whether the value is larger
than all of its neighbors or smaller, respectively, is detected Figure 6.

Figure 6. Detection of feature points. The sample point is marked by a red circle, and its neighbors
from the same and different scales are marked with a blue circles. Adapted from [27].

This process is often repeated on an image pyramid or images that have differently
scaled in size, so features at different scales are also identified (i.e., features from a closer
object still remain even if the object moves further).
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The feature candidates are added into a database and a descriptor is computed. A
descriptor is a detailed vector of position, scale, and principal curvature ratios of the
features candidates neighbors allowing the rejection of candidates with low contrast, due
to them being highly sensitive to noise making them bad features or poor location.
An early implementation of keypoints location only stored the information of the
sample point’s location and scale [2]. A more stable that also improved feature matching
significantly was later developed and applied by interpolating the location of the maximum
using a 3D quadratic function [28]. This allowed the application of the Taylor expansion to
the center of the origin’s sample of the Difference-of-Gaussian image (Equation (8)).
D(x) = D +

∂D T
1 ∂2 D
x + xT 2 x
∂x
2
∂x

(8)

In order to identify an extremum, the x derivative of the function is performed and
zeroed (Equation (9)).
∂2 D −1 ∂D
D0 (x) = −
(9)
∂x2 ∂x
Replacing the Equation (9) into (8) results in the extremum value (Equation (10)), and
it is with this function that sample points are rejected if low contrast values emerge.
D ( D 0 ( x )) = D +

1 ∂D T 0
D (x)
2 ∂x

(10)

Therefore, in this way, sample points that present an extremum value of under a
certain offset (an offset of 0.03 in image pixel values is used in [3], where pixel values are
considered in the range of [0, 1]) are considered low contrast and therefore discarded.
Because features in edges stand out when the DoG function is used, alongside the
rejection of low contrast keypoints, rejection of inadequately determined keypoints along
edges helps improve stability, as these particular features are sensitive to minimal amounts
of noise.
Hence, to analyze the suitability of an edge keypoint, a 2 × 2 Hessian matrix is
estimated at the position and proportion of the keypoint(Equation (11)).


Dxx
H=
Dxy

Dxy
Dyy


(11)

Alongside the findings in [29] and knowing that the values of the Hessian matrix are
proportional to the maximum and minimum normal curvatures of D, direct calculation of
derivatives of the matrix are not required as only their ratios are needed. Considering α the
largest and β the smallest values, the determinant and trace of the Hessian matrix can be
calculated by the sum and product of them, respectively.
Tr ( H ) = Dxx + Dyy = α + β

(12)

Det( H ) = Dxx Dyy − ( Dxy )2 = αβ

(13)

From the result of Equation (13), if the determinant is negative, it means that the
curvatures carry opposing signs, and in this case, the keypoint is rejected as it is not an
extremum. In case the determinant is positive, the relation between α and β is calculated by
assuming α = rβ. Substituting this expression into Equation (14), the ratio of the principal
curvature can be calculated.
Tr ( H )2
( α + β )2
(rβ + β)2
(r + 1)2
=
=
=
2
Det( H )
αβ
r
rβ

(14)
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From this, a keypoint is discarded if it presents a ratio above the threshold (15) as it
means that the difference between larger and smaller values is substantial, so keypoints
presented in these locations will suffer distortion from noise.

(r + 1)2
Tr ( H )2
<
Det( H )
r

(15)

Figure 7 illustrates the step mentioned above. Gaussian filters are applied to the
image in Figure 7a. DoG images are computed, and keypoints are extracted by identifying
sample points that stand out from their neighbors. Figure 7b illustrates the 3601 keypoints
detected. An analysis of the keypoints is performed in order to discard those that present
low contrast using Taylor expansion. Analyzing Figure 7b,c, it can be noted that most
keypoints located in the sky, around the bird and the flower, were rejected due to having
low contrast. Figure 7c displays the remaining 438 keypoints after the rejection of those
with low contrast. The prevailing keypoints are further examined based on their principal
curvatures ratio. Those whose ratios are higher than a certain limit are rejected. As such,
when comparing Figure 7c,d, it can be noticed that the density of features on the wings
and the chest of the bird have decreased. Figure 7d exhibits the remaining 380 keypoints.

(a) Original image.

(b) Detected keypoints.

(c) Result after keypoints were filtered
based on contrast.

(d) Remaining keypoints after principal
curvatures filtering.

Figure 7. Detection of keypoints and further selection of invariant features: (a) illustrates the original
image; (b) illustrates with circles the keypoints identified by the Difference-of-Gaussian function.
These keypoints are then filtered based on their contrast. The remaining keypoints are depicted
in (c); (d) represents the prevailing keypoints after further exclusion due to principal curvatures ratio
threshold. Adapted from [3].

In the situation where images are flipped or rotated, the keypoint computed in a
normal image would not coincide with one of a rotated image mainly due to the algorithm
not expecting an image with a different orientation. An early approach to deal with the
rotation of the images was to search for keypoints that would remain despise the rotation
applied to the image [30]. However, this method restricts the number of keypoints that can
be used and could lead to the rejection of valuable keypoints.
In order to obtain invariance in image rotation, Lowe et al. [3] proposed a consistent
assignment of orientation, based on the local properties of each feature candidate allowing
the descriptor to store information regarding the feature orientation. This is done by
taking each image around the same scale magnitude and computing gradient values
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and orientations using pixel differences. The result would be a histogram composed of
gradient orientations of the sample points around the keypoint. A directional peak in a
local histogram correlates to a predominant direction in the local gradient. To determine
a keypoint direction, the highest peak value alongside all the peaks which have values
within 80% of the highest one are used. Furthermore, in locations with several peaks of
similar intensity, keypoints will present different orientations but with the same length
and location.
Having computed the location, scale, and orientation of each keypoint, a local descriptor can be computed based on these invariant parameters making the descriptor also
invariant but also distinctive enough when compared to other descriptors. To do this,
an approach from [31] is used. The approach is based on a specific neuron complex in
the primary visual cortex, a biological vision model that reacts to gradients at a special
orientation. However, the gradient is allowed to shift on the retina over a limited area. This
way, it allowed the complex neurons to recognize and matching 3D objects from a series of
angles. In this study, experiments using animal and 3D shapes together with changes in
position resulted in better classifications under 3D rotation.
In SIFT, the gradient intensities and direction are set around the location of the keypoint from the same Gaussian blur. Orientation invariance is obtained by rotating the
gradient orientations and descriptor position relatively to the keypoint direction. To avoid
swift and unexpected adjustments in descriptors with small intensities and to give gradients located further from the middle point of the descriptor less weight, a Gaussian weight
function is used to attribute levels of importance based on its location sample point ( circle
in Figure 8).

Figure 8. Keypoint descriptor computation. On the left image, the arrows represent the gradients
and direction of neighbors around a keypoint. The circle displays the Gaussian weight function. The
right image shows a 4 × 4 sub-region keypoint descriptor resulted from the sum of orientations and
intensities from the left histogram. The arrow size reflects the total of gradient from that orientation
within the region. Adapted from [32].

On the right of Figure 8, a keypoint descriptor is illustrated. Here, four histograms
are displayed, each with eight orientations. Each arrow represents a direction and the size
reflects the sum of each arrow of the region. The descriptor is a vector composed of all
orientation values of each histogram entry.
At last, the descriptor vector is subjected to adjustments regarded lighting by normalizing it to unit length. Lighting changes that can occur during the image capture, be
it camera saturation or illumination changes, can impact the way surfaces reflect light
causing orientations to be changed and intensities to be altered. By adjusting the lighting,
the effect of large gradient magnitudes is reduced and more priority is put on orientation
distribution. Furthermore, if pixel values are a product of constant times itself then the
gradient is also a product of the same constant. By normalizing the vector, this product is
canceled. If the brightness value is changed by adding a constant to each image pixel, the
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gradient values will not change as they are computed from the difference of pixel values.
This way, the descriptor can be invariant to illumination variation.
Moreover, although Figure 8 represents descriptors as a 2 × 2 vector composed of
orientation histograms, experiments from [3] reveal that the preferred results are achieved
when a 4 × 4 histogram vector each formed with eight directions. This way, a descriptor
vector composed of 128 dimensions is able to provide consistent matching results when
compared to lower and higher dimensional descriptors, due to lack of resolution and
increase in distortion sensitivity respectively, and also maintain a low computational cost
during the matching process.
3.2.3. Feature Matching
From the features extracted from the previous step, the created database of features is
used to match similar enough descriptors from different images and pairing images that
contain them.
To do this, feature matching algorithms are needed. Csurka et al. method defines
features through the use of visual words [33]. The Bag of Words (BOW) algorithm uses
the features extracted from the step before and based on the visual representation of the
feature is given a unique word used to describe the feature. These words are then used to
construct a vocabulary. The feature matching process is done by the comparison between
features detected of the new image against the words already present in the vocabulary.
In case a word is not present, it is added to the vocabulary [34]. A secondary approach
denoted Fast Library for Approximate Nearest Neighbor (FLANN) allows the matching of
features by their euclidian distance [35].
In this step, the FLANN process is used, and the algorithm is explained ahead.
This process will create compressed pkl files that store information related to which
image has matching descriptors.
In order to match features across images, a descriptor from the database and a keypoint
from the image are compared, and it is said to have found a good match when the same
values between the descriptors are similar. However, images with similar patterns can
create very similar descriptors which can lead to ambiguity and wrongfully matched
features. As such, a ratio test is applied to the keypoint. From the database, two descriptors
are chosen based on the smallest Euclidean distance they have with the keypoint. The
distance between the descriptor with the best match is tested with the keypoint and
compared with a threshold. In case the distance is larger than the threshold value, then the
descriptor is not considered a good match with the keypoint. Inversely, it is said to be a
good match between descriptor and keypoint if below the threshold.
Finally, the match is only accepted if the distance between the best match descriptor
and the keypoint is considerably better than the distance between the second-best match
descriptor and the keypoint. From the experiment, a distance ratio of 80% allowed the rejection of 90% of false positives whereas less than 5% of correct matches were discarded [3].
Additionally, the exact identification of the closest descriptors in space is only possible
through exhaustive search or the use of the k-d tree from Friedman et al. [36]. Nevertheless,
due to the high number of points, an exhaustive search would require too much computational cost, and the use of the k-d tree would not provide significant improvement. For
that reason, a similar algorithm to the k-d tree is used, named Best-Bin-First (BBF) [37].
In k-d trees, the search method splits the data by their median from a specific attribute
or dimension, and the process repeats as long as there are remaining dimensions. This
method provides some advantages that allow finding nearest neighbors at a cost of accuracy
because there is the probability that the effective nearest neighbor is not on the region that
the k-d tree returns. The downside of this method is the computational speed is only better
than exhaustive search when 10 or fewer dimensions are used. In SIFTS case, the descriptor
has 128 dimensions.
The BFF algorithm uses an adjusted search method to the k-d tree where the closest
distance to the keypoint is checked first. This method allows the algorithm to return the
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closest neighbor with high probability as further searches are not required after a specific
number of regions have been checked. This method provided a boost in processing to
up to twice the time taken by the nearest neighbor search with only a 5% loss of correct
matches. The method also allows the implementation of the distance ratio of 80% between
the nearest and second nearest neighbors as stated above.
Occasionally, some objects on images can be partially obstructed by other objects, and
this can happen due to movement or from perspective angles. This way, the algorithm
must be capable to detect partially blocked objects with just a few features. From the
experiments, Lowe et al. found that an object recognition algorithm can detect an object
using a minimum of 3 features, and high error tolerance fitting methods like RANSAC
would perform poorly due to the percentage of inliers being lower than 50% [3]. From this,
a Hough transform is used to cluster features [38–40].
The Hough transform interprets the features and clusters them following the object
poses present in said features. When multiple feature clusters are interpreted to follow the
pose of a previously found object, the chance of the interpretation being correct increases.
As each descriptor stores information regarding the location, scale, and orientation, an
object position can be predicted using Hough transform Figure 9.
Finally, the object prediction is accepted or rejected based on a probabilistic model
from [41]. Here, the estimated false matches of the object are computed based on the
model’s size, the volume of features, and model fitting. The presence of an object is given
by the probability of Bayesian statistics from the number of paired features.
The object is deemed present if the analysis returned the probability of at least 98%.

Figure 9. On the left, an image is given to the algorithm to extract its features. The features detected of
the image are then compared with features of the right image. The lines illustrate the corresponding
features between the two images. Adapted from [3].

3.2.4. Track Creation
Using the files created from the previous steps, feature tracking is computed.
Features identified from each image alongside the file containing the images that
matched the features detected are loaded and the images are labeled as a pair.
A feature point track is a collection of image positions containing a specific feature
in other images which lets the algorithm know how the feature has developed over the
duration of the image capture [42]. This allows the creation of constraints used by the SfM
algorithm during the reconstruction.
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A tracks.csv file is created at end of this step, containing a unique ID given to the track,
a feature ID given to the feature when it was extracted, the coordinates of the feature in an
image, and its RGB values [19].
Additionally, based on the GNSS information, the origin of the world reference frame
is assumed and stored in reference_lla.json.
3.2.5. Reconstruction
Through the feature tracks created before, the map is constructed using 3D positions
and the position of the cameras.
In this step, an incremental reconstruction algorithm is used by first taking an image
pair and gradually appending the rest of the images to the reconstruction until all the
images were added.
The list of image pairing from the tracking step is loaded and sorted by their reconstructability. This criterion is derived from the displacement that occurs on two images,
parallax, similar to human visual perception. To evaluate if a pair of images possess enough
displacement, a camera model is attempted to be applied to the two images without any
form of transformation besides rotation. The pair is then considered possible starting points
if a substantial number of matches between the camera model and the images are exhibited
but not explained by the rotation transformation. Outliers are computed, and the image
pairs are sorted by the number of outliers.
The image pairing that presents the most reconstructability, and as such the least
outliers, is selected as a starting point.
Now an iterative operation is performed to gradually grow the reconstruction. On
each iteration, an image is selected based on the number of similar points already present
in the reconstruction. The image’s initial pose is estimated, and adjustments are made to
the reconstruction to minimize reprojection errors using [43]. The image is appended to
the reconstruction, in case the estimation is successful and tracks that might arise from
this image are checked. If necessary, a bundle adjustment process is performed to correct
camera and 3D points poses as well as minimize the reprojection error of all images in the
reconstruction [44,45].
The result of this step is a reconstruction.json file which contains the information
regarding the origin of the reconstruction from reference_lla.json, information about the
camera used, the images that integrate the reconstruction with the respective rotations,
translations, and scaling operations performed on them and the estimated positions and
colors of the 3D points in the model.
Furthermore, the sparse model can be exported as a point cloud, illustrated in Figure 10.

Figure 10. Sparse point cloud representation of the surveyed area.
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3.2.6. Undistort
As it can be observed by the Figure 10, the sparse model exhibits low point density,
and large gaps are present between points. Therefore, no substantial information can be
used to make an assessment of the surveyed area. Thus a denser model is needed.
In order to generate a denser point cloud, the distortion present in the images integrated into the reconstruction needs to be removed. When 3D scenes are captured by
cameras, and they are projected into a 2D plane and depending on the type of camera
and/or lens used, this capture can add errors. The error that is intended to be corrected
in this step is the radial distortion. This error can be evident in images where straight
structures present themselves bent when projected onto images Figure 11.

(a) Before distortion removal

(b) After distortion removal

Figure 11. Illustrations between image before and after distortion removal. The red lines represent
straight lines/structures in real world. Adapted from [46].

The undistortion process of the image is done by creating a second image with the
same projection type as the camera of the distorted image and the same image size. Then
the pixels of the distorted image are remapped to the new coordinates of the undistorted
image. In case the pixel’s new coordinates are outside of the range of the image, then
interpolation for non-integer is performed.
The Structure from Motion steps performed on the images is illustrated in Figure 12.
Metadata
Extraction

Feature
Extraction

Feature Matching

Images and
Reconstruction
Undistortion

Sparse
Reconstruction

Tracks Creation

Image dataset

Undistorted
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Figure 12. Sequential diagram representing the applied Structure from Motion steps.

3.3. Multi-View Stereo
Using the undistorted images and the reconstruction, a denser point cloud can be
computed. For this, a concept of stereopsis is used where depth is perceived through visual
information from two separate viewpoints. As a natural improvement to the two-view
stereo algorithms, multi-view stereo (MVS) algorithms were developed which, instead of
using only two images with different viewpoints, started to use multiple viewpoint images
in between the two original viewpoints to increase stability against noise [47].
From Furukawa et al.’s work, MVS algorithms can be divided into four categories:
voxels, polygonal meshes, depth maps, and patches [48].
Voxel-based algorithms use a computed cost function estimated from the object’s
bounding box [45]. with this function, [49] scanned the scene to identify unique voxel colors
constant over possible interpretations across a discrete 3D space. Reference [50] estimated
the least surface size needed to encompass the largest volume possible maintaining photo
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consistency using graph-cut optimization. Because accuracy of all methods mentioned
so far is reliant on the voxel resolution, [51] proposed an algorithm that does not require
the surface to be totally inside a visual hull but uses smaller meshes that when stitched
together form a volumetric multi-resolution mesh surrounding the object. The downside
of the voxel-based algorithm requires that the object presents a degree of compactness,
so a bounding box can be tightly fit. As such, the voxel algorithms are only capable of
reconstructing small compact objects as the processing and memory costs requirements
become extremely high for larger scenes [52].
Polygonal meshes are an improved densification method that relies on the voxel space
representation as such, like before, larger scenes require high processing and memory
costs. The polygonal mesh algorithm takes a selected starting point and progressively
adds further meshes to it. Faugeras et al. [53] defined initial surfaces through partial
derivatives equations which then would attach to the object. A different approach took
information regarding the texture and shape of the object and combined it into an active
contour model. However, this reconstruction was only accurate if the initial surface of the
object matched the active contour model [54]. A minimum s-t cut generated an initial mesh
that would be processed using a variational approach to register details of the object [55].
This last improvement led to [56] to define the reconstruction to a series of minimal convex
functions by establishing the object’s shape as convex constraints reducing the number of
possible functions.
A downside to this algorithm is that it depends on the reliability of the initial guess
which becomes difficult for larger scenes such as outdoor surveys [48,52].
Depth maps are generated from the views of integrated images in the reconstruction
and combined into a space model, often named depth map fusion, based on the visibility
rule [45]. This rule states that a single view must only intercept the scene once from the
camera pose and the position of the view. Prior works such as of [57] used matching
methods on a set of pixels to construct depth maps and combine them. Merrell et al.
obtained surfaces using a stereo technique that produced noise, whilst overlapping the
depth maps and eventually fusing them based on the visibility rule [58]. Later works
such as of Fuhrmann et al. [59] developed a MVS method that produces dense models
through depth maps resulted from images of a survey. The depth maps are matched in
space, and a hierarchical signed distance field is built. A hierarchical signed distance field
is, as explained by the authors, a set of octaves or divisions of the space into scales where
images of the same scale are attributed to the same octave. The purpose of the division into
octaves is the difficulty of acquiring enough information of a set region due to the presence
of depth maps of different scales.
Finally, a patch-based technique develops bits of patches through textured points and
spreads them over to other textured points covering the gaps between points. An initial
approach was achieved by Lhuillier et al. [60], which resampled points of interest from
the sparse reconstruction, this way creating denser point clouds. A second approach was
proposed by Goesele et al. [61] in which it reused the features from the SIFT algorithm to
build a region growing process which was tested with obstructed object images. with these
techniques, Furukawa [48] was able to develop a MVS method, named Patch-based MVS
(PMVS) that still is being used today and is considered one of the renowned MVS methods
to reconstruct larger scenes accurately and with a high level of model completeness. The
PMVS algorithm can be divided into three steps, patch creation, distribution, and filtering.
In order to generate a set of patches, a feature extraction and matching process is performed.
This set of patches is then distributed over the scene so that each image cell has at least one
patch. Each image cell is then filtered three times. The first filter removes non-neighboring
patches on cells that present more than one patch. The second filter applies a more strict
visibility consistency where the number of images from where the patch can be seen. if this
number is lower than a threshold, the patch is considered an outlier and removed. The
third and final filter is applied in order to maintain a certain level of homogeneity to the
area. The cell and the neighbor patches in all images are analyzed and compared. if the
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similarities between the patch and its neighboring patches are not equal to a certain degree,
then the patch is filtered. This process is then repeated at least 3 times to create a dense
reconstruction with the least amount of outliers.
In this work, the densification process of the sparse reconstruction obtained from the
process of SfM was done through the open-source library OpenMVS available in [4,62].
This library applies the patch-based algorithm for 3D points inspired from [63] and is
introduced ahead. The patch-based algorithm used can be divided into four steps: stereo
pair selection, depth map estimation, depth map filter, and depth map fusion.
In order to estimate the dense point cloud, the sparse reconstruction and the undistorted images are introduced as inputs of the algorithm.
3.3.1. Stereo Pair Selection
The selection of image pairs is important to improve stereo matching and the quality
of the model as such image pairs are done by assigning a reference image to every image
integrated into the sparse model. The reference image should present a similar viewpoint
to the image and similar dimensions as the accuracy can be negatively impacted if the
reference image’s dimensions are too small, or similarities can be hard to match if it is
too large.
This way, OpenMVS applies a similar method of [64] to appoint reference images for
each image. A principal viewing angle of the camera is computed for each image. Since
the sparse model is generated using SfM, the calibration of the camera poses has been
done, and a sparse point cloud and respective visibilities were generated. As such, the
angle’s average can be attained between the visible points and each of the camera’s centers.
Alongside these angles, the distance between the optical centers of the cameras can be
calculated. Using these two parameters, angle and distance, suitable reference images can
be obtained. First, the distance median is estimated for images whose visibility angle is
between 5◦ and 60◦ . Second, the images whose optical center distance is above twice the
median or less than 0.005 the median are filtered. In case the remaining images are below a
certain threshold, they are stored as being possible reference images. On the other hand,
if the number of remaining images is above a threshold, then the product of the viewing
angle and the optical center distance is computed and sorted from lowest to highest. The
first threshold images are selected to form the neighboring images. From the neighboring
images, the product is of angle and distance is calculate and the one that presents the
lowest value is selected as the reference image to form a pair [52].
3.3.2. Depth Map Estimation
The depth map is computed for each pairing, and to do this, a local tangent plane
to the scene surface is computed. This plane, denoted by the support plane, represents a
plane in space and its normal in relation to the camera’s coordinate system [65–68].
Given the intrinsic parameters, rotation matrix, and the coordinates of the camera
center, each pixel of the input image is associated with a random plane in space that
intercepts the raycast of the pixel. A random depth value from a depth range is extracted,
and the plane is estimated using the center of the camera’s coordinates. Assuming that
a patch only remains visible when the viewing angle is between a certain threshold,
the spherical coordinates of the camera’s center can be estimated. Despite the given
randomness of the process above, results show that the probability of at least a good
prediction for each plane that composes the scene of the image is encouraging, particularly
in images with high resolution as the pixel density is higher, in turn, more predictions in
contrast to lower resolution images. Moreover, the estimated depth map of the image can
be further improved using the computed depth map of its reference image by warping the
composing pixels of the image depth map as initial estimates when computing the depth
map of the reference image. This way, when estimating the random plane in space of each
of the reference image pixels, the estimated plane for a pixel in the image depth map can be
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used as an initial prediction for the correspondent pixel in the reference image improving
the stereo consistency between the image pairing [52].
Having assigned a plane to each pixel of the input image, a refinement process to each
of the planes is performed. The process follows a sequence where the first iteration starts
from the top left corner and advances row by row until the bottom right corner is reached.
The second iteration takes the inverse route, going from the bottom right corner to the top
left corner also row by row. The sequence repeats if more iterations are required.
On each iteration, two actions are performed on each pixel, spatial propagation and
random assignment.
The former action compares and propagates the neighboring pixels planes of the
current pixel. This is done by comparing the combined matching cost of the neighboring
pixels with the matching cost of the pixel itself. If this condition is verified, then the pixel’s
plane is replaced by the plane of the pixel’s neighbors. This action takes into account the
fact of the similarity in planes between the pixel and its neighboring pixels [52,65].
The second action further improves the pixel’s plane matching cost through random
assignment by testing parameters of the plane. To do this, a new plane is computed based
on the selection of a random plane parameter, and the combined matching cost is compared
to the current matching cost of the current plane. If the cost is lower than the current one,
then the plane is replaced by the new estimated plane. The range of parameters is reduced
by half, and the process is repeated 6 times [52,65].
3.3.3. Depth Maps Filtering
After the depth map estimation of the images, these need to be filtered as the estimation
may have produced depth errors. This way, depth maps would match each other, and
inconsistencies would occur if the combination of depth maps were performed.
In order to filter each depth map, each pixel from the input image is back-projected
into a three-dimension space using its depth and camera parameters. The neighboring
images from the stereo pairing are projected intersecting the same pixel on the same
point. The depth map is classified as stable if the depth value of the projected point in the
camera displays enough similarities with the depth value of the projected point in regard
to the camera for at least two neighboring images. Contrarily, the projection is considered
inconsistent, and therefore, the depth map is removed [52].
3.3.4. Depth Map Fusion
The final step of the MVS is to merge the depth maps that were estimated and filtered.
A simple way of doing this step would be to start with a single depth map and successively
add the neighboring depth maps, building a complete depth map, until all the depth maps
were added. However, redundancies can occur especially in neighboring images which
can lead to miss alignment of images, object’s scale variation, or replicas [58,69].
In order to remove the replicas, a neighboring depth map test is performed. Figure 13
illustrates the test. Each pixel of a camera’s depth map is projected into a 3D space alongside
the neighboring camera’s representation of the same pixel. The depth value of the point
and each camera projection is calculated and compared with the value of the depth map
camera. If the depth value of the neighboring cameras is larger than that of the depth
map camera, then the points projected by the neighboring cameras are considered to be
occluded and therefore removed from the depth map of the neighbors. In the situation
where the projection values are very similar, we consider that the projection of the neighbor
camera is a projection of the point from the depth map, so it can be removed from the
neighboring depth map. In the final scenario, the projection point is kept if the depth value
of the projection camera is smaller than the projected point of the depth map.
This process is repeated for each pixel of a depth map for all depth maps and finally
merged into a single point cloud resulting in a dense point cloud represented in Figure 14a
and stored in scene_dense.mvs. As it can be viewed, the reconstruction presents a higher
point density and consequently fewer gaps.
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Additionally, noise is removed by applying a statistical filter to the point cloud using [70]. The filtering is done through two steps: an estimation of the average values of
each point and its nearest k neighbors and outlier identification by comparing the estimated values with a threshold. In case the estimated value is above the threshold, it is
marked as an outlier. The removal of these is done by a range filter which runs by each
point and removes the ones that are marked as outliers from the data following the LAS
specification [70]. The result of the filtered point cloud is presented in Figure 14b.

Figure 13. Neighboring depth map test to remove redundancy. Ci represents the camera of the depth
map, and N1−4 represents the neighboring cameras. The value d( X, N# ) illustrates the depth value
of the projected pixel. λ( X, N1−4 ) represent the depth value of the pixel projected by the neighboring
cameras. The depth values of the camera N1 and N2 present depth values larger than the depth value
of Ci , and as such, the projected points from N1 and N2 are considered occluded points and removed
from the Ci depth map. The point projected by N4 depth value is close to the depth value of N# , so
to avoid redundancy, the point from N4 is removed as the projection of it can be classified as the
point projected by Ci . Finally, the point N3 presents a lower depth value than N# , so its depth map is
retained as it does not satisfy either of the conditions stated above. Adapted from [52].

(a) Dense point cloud
representation of the surveyed area.

(b) Dense reconstruction
after outlier filtering.

Figure 14. Dense reconstruction resulted from the MVS algorithm. Figure 14b represents the model
after point filtering was applied.

Figure 15 illustrates the results obtained by applying the described processes to the input.
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Figure 15. Diagram representing the applied Multi View Stereopis steps.

3.4. Meshing Reconstruction
From the work of Khatamian et al. in [71], the surface reconstructed can be organized
into two categories: explicit and implicit surfaces.
Digne et al. define explicit surfaces as representations of a real object in which all the
points are present in the point cloud [72]. Furthermore, explicit surfaces can be parametric
or triangulated.
In parametric surface reconstruction, B-Spline, NURBS, plane, spheres, and ellipsoids
are some of the primitive models used to enclose a random set of points to represent
surfaces. However, complex surfaces can be hard to represent using this method as a single
primitive model as it might not encompass all of the points and might require multiple
primitives to represent the object [71].
DeCarlo et al. [73] developed a parametric surface reconstruction technique where it
uses deformations and blending of shapes such as cylinders and spheres. Further development in this type of surface reconstruction involved the application of deformation to the
parametric surfaces [74–83].
The latter surface representation uses a more intuitive technique [71]. Triangulated
reconstructions represent surfaces by connecting neighbor points using tethers forming
triangles [84].
One of the earliest and whose name is still used when triangulation surface reconstruction is mentioned is the Delauney triangulation [85] where all the points are vertices
of triangles, and no point is occluded by any triangle. Amenta et al. proposed the Crust
algorithm where it applied the Delauney triangulation to 3D space models by extending
the two-dimensional algorithm to 3D space [86] and being able to use unstructured points
to generate smooth surfaces. A further improvement of the algorithm was made which addressed the reconstruction of artifacts when a region does not present enough points [87]. In
1999, Bernardini et al. suggested a different method of triangulating surfaces using the Ball
Pivoting Algorithm (BPA) [88]. This technique employs different radii spheres which will
roll from a determined point to the opposing edge and repeated until all the edges have
been encountered. The surface is constructed when three points of the model are in direct
contact with the sphere, forming a triangle. This way, points are not occluded as every point
will be in contact with the sphere at some point in time, and other points that are in contact
at the same time are used to form a surface. Additionally, the use of different radii spheres
allows the algorithm to perform even in situations where the distribution of point density is
not uniform. Gopi et al. in [89] proposed a surface incremental algorithm where the normal
of the points are computed, neighboring points are selected as potential candidate points to
be used for surface triangulation, the candidates are filtered using local Delaunay neighbor
computation, and finally, the surface is generated from the point and the selected candidate
points. Moreover, a faster and memory-efficient incremental algorithm was proposed by
Gopi et al. in [90] where a random start point of the surface reconstruction was selected,
and the neighboring points were used as vertices to construct vertices alongside the start
point. The expansion of the surface was done in a breadth-first-like search.
The second type of surface reconstruction uses mathematical basis functions to estimate the object’s surface based on the input data [71,72]. As such, this method exhibits
certain difficulties when representing edges or corners due to the sharp changes not making
it suitable for complex surface reconstructions. Nevertheless, improvement in this side of
the implicit surface methods allowed this weakness to be addressed using a variational
implicit method by including different types of basis functions. In Dinh et al. [91], the
inclusion of anisotropic functions into the surface reconstruction allowed the method to
retain sharp edges and corners presented in the model. To do this, Dinh et al. performed
a Principal Component Analysis (PCA) in a local region of the object. An estimation of
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the surface is carried out using mathematical functions. Later, Huang et al. improved on
this algorithm in [92]. A locally weighted optimal projection was used to reduce the noise
present in the data set, removing outliers and uniformly distributing the points. After
this operation, the stages presented previously by Dinh et al. were executed. A different
approach was taken under Alexa et al. in [93] where the estimation of a surface is done
with the assist of the Moving Least Square mechanism (MLS). This algorithm allowed
the parallel computation due to the processing being done by regions. Additionally, it
allowed downsampling of the surface estimated in order to reduce its output size or to
remove outliers, as well as to perform surface upsampling to fill gaps in the surface model.
Furthermore, improvements to the MLS mechanism by Oztireli et al. in [94] allowed to fix
the noise-induced artifacts and the loss of resolution.
A typical implicit surface method is introduced in [71,95]. Here, the complication
of surface estimation is transformed into a Poisson problem improving its noise sensitivity. Later works [96,97] were based on the previous algorithm, and improvements were
added to the base algorithm. Contrary to other implicit methods, which rely on model
segmentation to develop surfaces and later the usage of methods to combine the multiple
segmented surfaces into a single one, Poisson considers all the models when computing
the surface without relying on model segmentation and further merging. This way, it
allows the Poisson method to recreate smooth surfaces while tackling noisy data through
approximation [95].
In this work, the meshing process is done using the open-source library made available
by Kazhdan et al. in [4,98]. This library applies the Poisson surface reconstruction algorithm
inspired from [95] to which the steps are explained ahead and illustrated in Figure 16.
The algorithm can be divided into steps: definition and selection of function space, vector
definition, Poisson equation solution, and isosurface extraction.
Dense
Reconstruction's
Point Cloud

Space Function
Definition

Vector Definition

Poisson Equation
Solution

Extraction of
Isourface

3D and 2.5D
Meshes

Figure 16. Diagram of the workflow to generate mesh model.

3.4.1. Space Function
An adaptive octree is used in order to represent the implicit function, as the accuracy
of the representation is higher the closer the implicit function is to the reconstructed surface,
and to solve the Poisson equation. Additionally, in order for the algorithm to run efficiently,
~ needs to be represented, with a certain
conditions must be satisfied. The vector field V
level of precision and efficiency, as a linear sum of functions of each node o from the
octree, Fo . The Poisson equation represented by a matrix of functions Fo needs to be solved
efficiently. The indicator function representing the sum of functions Fo needs to be quickly
and precisely evaluated [95].
In order to define a space function, a minimal octree is estimated where every sample
point is placed in a leaf node of a tree with a certain depth. A collection of space functions
are then delineated as


q − co 1
Fo (q) ≡ F
(16)
wo
w3o
where co and wo represent the center and size of a node o, respectively [95].
A base space function is selected based on how accurately and efficiently a vector field
~ can be represented as a linear sum of the functions Fo . Additionally, by considering each
V
~ can be expressed more efficiently as
node as its center only, the vector field V
 q 
F (q) ≈ F̃ D
(17)
2
where D represents the depth of the node and F̃ smoothing filter, respectively [95].
By doing this, each sample only contributes once to the coefficient of its leaf node
function. Errors that might occur are limited by the sampling width of 2− D . Moreover,
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an unit-variance Gaussian approximation results in sparse Divergence and Laplacian
operators as well as the evaluation of the linear sum of Fo in any point q, requires only the
sum of the neighboring nodes that are close to q. From this, the base function F can be
expressed as a box filter convolution:
F ( x, y, z) ≡ ( B( x ) B(y) B(z))

∗n


with B(t) =

1,
0,

|t| < 0.5
otherwise

as n represents the convolution level [95].
3.4.2. Vector Definition
To increase precision, a trilinear interpolation is used to distribute the point over the
nearest eight nodes. This way, an indicator gradient field function can be approximated by:

~ (q) ≡
V

∑ ∑

~
αo,s Fo (q)s. N

(18)

s∈S o ∈ ND (s)

where s represents a sample point of a sample collection S, ND (s) represent the eight
~ the
neighboring nodes with depth D of s, αo,s the trilinear interpolation weights, and s. N
sample’s normal directed to the center and assumed to be near the surface of the model [95].
Taking into consideration the uniform distribution of the samples, consequently, a
~ can be considered a good gradient approximation of
stable patch area, the vector field V,
the indicator function [95].
3.4.3. Poisson Equation Solution

~ the next step is to determine the
Having arrived at a solution for the field vector V,
~ is in most cases not integrable so an exact
indicator function χ of the model. However, V
solution might not be reached. In order to resolve this issue, a divergent operator forming
a Poisson equation is applied, such as
~
∆χ̃ = ∇ · V

(19)

~ are in the same space, the operators of the Poisson
Additionally, although both χ̃ and V
~ may not be. This way, the function χ̃ is solved by projecting ∆χ̃
equation, ∆χ̃ and ∇ · V,
~ However, the direct computation can
onto a space that is closest to the projection of ∇ · V.
be expensive and lengthy as the space functions Fo do not originate orthonormal solutions.
As such, a simplification of the Equation (19) can be made:
~ Fo i||2 = ∑ ||h∆χ̃i − h∇ · V,
~ Fo i||2
∑ ||h∆χ̃ − ∇ · V,

o ∈O

(20)

o ∈O

~ by projecting
This allows the solution of the function ∆χ̃ to be the closest possible to V
the Laplacian of ∆χ̃ onto each of the Fo .
Furthermore, to put this into matrix form, a matrix L is defined so that L x solves the
Laplacian inner product for each of the Fo as x corresponds to the entry (o,o0 ) of the matrix
entry L:
∂2 Fo
∂2 Fo
∂2 Fo
Lo,o0 ≡ h 2 , Fo0 i + h 2 , Fo0 i + h 2 , Fo0 i
(21)
∂x
∂y
∂z
As such, ∆χ̃ can be solved by:

~ Fo ||2
min x∈R || L x − ∇ · V,

(22)

3.4.4. Isosurface Extraction
The final step of the algorithm extracts an isosurface based on an isovalue computed
from an indicator function.
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In order to find the surface that best fits the positions of the input data, an evaluation
of the ∆χ̃ is performed at the sample points. An isosurface is then obtained by averaging
the values of the function.
1
∆χ̃(s)
(23)
γ=
|S| s∑
∈S
The isosurface was extracted from the indicator function using an adapted version of
the Marching Cubes method [99]. The modifications were vised to subdivide the node if
several zero-crossings were associated with it and to avoid gaps between faces isocurves
segments were projected from weaker nodes into finer ones.
Nevertheless, inconsistencies can occur due to the presence of noise and outliers on
the data as well as uneven point density distribution. To correct this issue, an average
value of the function is subtracted to the sample points in order to adapt the function [95].
However, errors can affect the average value so inconsistencies can still occur if a global
average value is used. As an alternative, an explicit interpolation of points was added.
To do this, a discretization of the function (19) is performed using Galerkin formula [100]. As a form to produce higher-resolution details on the neighboring regions of
the surface while reducing the size of the system, the linear system is discretized by placing
the sample points into octree nodes and later correlated with a B-Spline function, Bo for
each node [101].
~ Bo , where o ∈ Oi
h∆χ, Bo i = h∇ · V,
(24)
Additionally, a complete grid does not form on any selected octree node and corresponding B-Spline function at each depth as the solution of a given depth cannot be
expanded into its successor as the result of the B-Spline function associated with the current
node being a sum of functions associated with its successor nodes as well as the successor
nodes of its neighbors. This way, the constraints of current nodes are used to adjust its
predecessor [101].
Moreover, linear system solvers are important for image processing as these transform
linear equations into discrete ones and are often employed in very specific scenarios like
image stitching where its solutions are evaluated near the connections of two images. with
this in mind, an adaptive, efficient solver was developed in [102] to help solve random levels
of a number of finite elements, in symmetric systems, which allows random dimensions
and is able to support integral and pointwise constraints.
In order to do this, the B-Spline function corresponding to each octree node is expanded to support B-Splines of any degree. This enables to tweak the system for more
sparsity or smoothness, respectively to lower or higher degree of the function. Furthermore, the inner products of gradients that express the coefficients of a Poisson equation are
expanded to support a set of partial derivatives and the integration of both bilinear combinations of space derivatives. The dimensionality is allowed by integration and evaluation
is separated and performed over the existing dimensions using dimensional windows,
neighbor lookups, and template specialization. The constraints are supported by allowing
the user to impose the coefficients of functions in relation to the B-Spline levels [102].
Later Kazhdan et al. improved the algorithm presented in [101] as to reconstruct
a surface S that would fit the point cloud while also being contained inside a second
surrounding surface ε [103]. This is implemented using the Dirichlet constraint by defining
that the indicator field χ vanishes when outside the surface ε and only defining space
functions Fo that are contained inside of ε.
However, two issues need to be addressed [103]. One of these issues is the discretization of finite elements [103] so that the exterior nodes are not considered in the basis
functions. The method applied by Kazhdan et al. uses a similar approach of [104] where
the basis functions can be altered so that they no longer consider the exterior nodes. To
accomplish this, the basis functions of exterior nodes are removed, and applying the Laplacian stencil, a linear system can be defined at finer depths. On earlier depths, the basis
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functions are a combination of finer basis functions that are considered not to be exterior
nodes [103].
The second issue that needs to be addressed is the location of leaf nodes that are
outside of the ε surface that needs to be identified. This can be estimated by rasterizing the
ε into the octree and verifying if the depth of such nodes is higher than a threshold, cutting
the tethers to the neighboring nodes and separating the triangle into a vector if so.
The nodes that contain the triangle fragments are iterated using a ray-tracing method
to identify the center of each face and classifying each face as either interior or exterior
of the ε surface and added into a queue if the label exterior was attributed. The exterior
surfaces are then extracted from the overall surface, and the neighbors of such surfaces are
tested if they possess more fragments and if the neighbors are classified as exterior surfaces.
This process is repeated until no more exterior surfaces are contained in the queue [103].
~ of earlier
Finally, the designated exterior surfaces are eroded so that the field vector V
levels do not get extracted due to the correspondent B-Splines having larger support.
As a side note, the algorithm is capable of producing two types of models, one
incorporating the information of height into the model, the 3D model, and one which
employs less influence in this parameter, the 2.5D model. Figure 17a,b represents the 3D
mesh model and 2.5D model, respectively. As it can be seen, the 3D model displays more
characteristics on vertical objects, where the top is represented as well as the support of it
can be delineated. In contrast, the 2.5D model only depicts the top of vertical objects as
information regarding the supports of vertical objects is not interpreted [105]. Furthermore,
objects in the 2.5D model present a rounder feature when compared to the 3D model. A
close of a region where a vertical object is situated is illustrated in Figure 18.

(a) 3D mesh model.

(b) 2.5D mesh model.

Figure 17. Reconstructed models of the surveyed area.

(a) Close up of a vertical
object in 3D model.

(b) Close up of the same vertical
object in 2.5D model.

Figure 18. Objects portrayed in the 3D model exhibit sharper edges as well as the support of vertical
objects are better delineated. In contrast, 2.5D model edges are rounder and vertical objects overhung
areas do not present any details.

3.5. Texturing Reconstruction
A characteristic of the mesh models is that a single neutral color, often white or
gray, is attributed to the mesh surface. However, the information regarding the texture
characteristics contained in the dataset is important to analyze the environment of the
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surveyed site and, in situations where previous surveys were done, to compare and judge
the evolution of texture characteristics over time.
In this step, the texture reconstruction is performed using the image set and applied
to the mesh model obtained from the step before.
From literature [106,107], the texturing process can be divided into three methods:
blending, parameterizing, and projecting.
A common method for texture reconstruction is the blending-based method where
images are projected on the surface of the model following its intrinsic and extrinsic
camera parameters and in the end mixing all the images into a final texture [108–112]. The
downsides of this method are the high noise sensitivity, the appearance of blurring and
ghosting in situations where camera poses are inaccurate which can be due to distortion or
geometric errors in in-depth map computation, or accumulation of residual camera pose
leading to camera shift when computing the trajectory of the camera. Additionally, the
method requires the model to be segmented, so the size of the model can affect texture
reconstruction [106,107].
The second method segments the mesh surface and places image textures into each
segment. The surface is segmented using criteria such as similar area size, angle preservation between directions in the same region, and segmentation that allows the least
deformation of each surface [113–116]. For each segmented surface, a textured image is
projected [117] and different deformations applied [118], so it fits best onto the surface.
However, as the image suffers deformations, it can lead to inconsistencies. Furthermore, as
the partitioning of the mesh, it can lead to artifacts similar to blending methods. Similar
to the previous method, the quality of the resulting textured model can be affected by
inaccuracies from the camera pose estimation. Bi et al. tried to address this issue using a
patch-based method to produce textured images correcting the camera shift [112].
Projection-based techniques assign a single image to one triangle mesh its adjacent
triangles forming a texture chart [106,107]. As an algorithm that needs to search all the
images when one needs to be selected for a triangle surface is inefficient, Lempitsky et al.
proposed a solution that used a Markov Random Field (MRF) energy function to return the
best fitting image for each surface [119]. From this work, additional elements were added
to improve the selection of images [107,120–123]. Multiband merging [124] and Poisson
editing [125] were implemented as a way to address the issue of visual discrepancies between neighboring surface textures. The projection-based texture reconstruction techniques
have the benefit of blurring and ghosting not manifesting as much on the reconstruction
when compared to the two other methods [106,107]. However, as the algorithm is run on
triangle segments of the mesh, the computation time can be high [106,107].
The method adopted in this work is of a projection-based technique developed by
Waechter et al. in [126] and was based on algorithms similar to [119]. The algorithm is
made available by Waechter et al. in [4,127]. The algorithm is composed of the three main
steps of preprocessing, selection of views, and adjustment of color. The explanation is
described ahead.
3.5.1. Preprocessing
The first step in texture reconstruction is to determine the image visibility of the
input images. Here, a back face followed by view frustum culling is performed prior
to analyzing the surfaces for any occlusion that might exist. To check for occlusion, the
intersection between the mesh model and the raycast between the camera and the surface
is calculated [128]. By doing this, the rendering process is more accurate without being too
affected performance-wise [109].
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3.5.2. View Selection
After the computation of image visibility, a label l is computed using the Markov
Random Field energy formula (Equation (25)) and assigned to a surface mesh Fi . The label
informs which image view li is going to be used to texture that specific surface.
E(l ) =

∑

∑

Edata ( Fi , li ) +

Fi ∈Faces

Esmooth ( Fi , Fj , li , l j )

(25)

( Fi ,Fj )∈Edges

where E(data) returns how good the view fits the surface, and E(smooth) indicates the visibility
of discrepancies between the textured edges of adjacent surfaces.
For the first term, the Gal et al. [120] function was used, where the data term is
calculated based on the image’s gradient value ||∇( Ili )||2 that is projected into the surface
Fi with a Sobel operator and the pixels within the surface’s projection φ( Fi , li ) of the gradient
image are summed (Equation (26)).
Edata = −

Z
φ( Fi ,li )

||∇( Ili )||2 dp

(26)

This method is preferred as it recognizes out-of-focus blur where surfaces closer to the
camera exhibit larger projection areas but may not be in focus, therefore leading to texture
blur [126]. However, this method does not reject views where obstructing objects were
captured in the images but not reconstructed as often the obstructing objects present larger
gradient values than its background [126]. To provide texture cohesion, an additional step
was implemented in order to maintain photo consistency.
To maintain texture consistency, the projected surface mean color is calculated for
each view, and all the views that view the face are marked as inliers. The mean and
covariance matrix of the mean color inliers are computed, and using a multivariable
Gaussian function each view is analyzed. The Gaussian function values of views that are
above a determined threshold are stored. The last three steps are repeated until either
the entries of the covariance matrix are lower than 10−5 , the inversion of the covariance
matrix becomes unstable, the number of inliers drops below 4 views, or 10 iterations were
completed [126]. This method is an adapted version of the works from [129,130] where
the assumption is made that most often views will see the same color except in situations
where obstructions occur. By calculating the mean or median, the views with inconsistent
colors can be rejected.
In the second term of the Equation (25), the function used was of the Potts model
(Equation (27)). This model was adopted as a way to increase performance and to correct
the influence of closer views favored by the data term [126].

Esmooth =

1,
0,

li 6 = li
li 6 = li

(27)

3.5.3. Color Adjustment
The last step of the algorithm relates to the color correction of the texture patches. An
issue that was reported from the Lempitsky et al. method was the color correction was
only implemented on a single location, the vertex point between the edges of two adjacent
images. This is considered an issue, as image texture might not correspond to the object
texture due to inconsistencies of camera pose. Waechter et al. used the edges of adjacent
images to perform the adjustment [126]. The process is illustrated in Figure 19.
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Figure 19. Color adjustment method. The left image illustrates a mesh. The right image represents
the variation in sample weight in relation to the distance to v1 . Adapted from [126].

From the figure, it can be concluded that the point v1 is located on the edge between
the red (R) and blue (B) patches. The average sample color from the red image, f v1 ,R ,
between the segments v0 v1 and v1 v2 is calculated based on the linear weight transition of
the right image of the Figure 19, where sample color further away from v1 has less influence
over the average value while v1 has a color weight of 1. The same method is applied to
calculate the average color of v1 in the blue image, f v1 ,B . Then, both values are inserted
into Equation (28)
argming

∑

v1 on the edge
(split into
v1R and v1B )

( f v1R + gv1R − ( f v1B + gv1B ))2 +

1
λ

∑

v1i and v1 j

( gv1 − gv1 )2
i

j

(28)

are adjacent and
in the same patch

where g is an additive correction value computed for each vertex. The first term assures
the similarity between the color on the left and on the right is as close as possible while
the second term aims to reduce the differences between adjacent vertices inside the same
texture region. Additionally, the correction of the color of only the luminance channel
is insufficient Therefore, the color optimization is performed on the three channels in
parallel [126].
Furthermore, the discrepancies are not all removed by color adjustment, so a second
adjustment is performed using local Poisson image editing [125]. A 20-pixel wide patch is
selected to perform the Poisson editing. The outer blue and outer red borders are used as
boundary limits of the Poisson equation (Figure 20). For each pixel on the outer region,
its value is the mean value of the pixels of the image to which the patch is correspondent.
For the pixels on the inner region, the correspondent pixel color of the image is assigned
to it. All the patches are solved through parallel linear systems using Eigen’s SparseLU
factorization [131]. Each patch is only factorized once as the resulted matrix remains
unaltered for all color channels. Moreover, as this method does not involve the mix of two
Laplacian image matrices, no blending is involved [126].

Figure 20. A 20 pixel wide patch used in Poisson editing. The outer blue boundary, in dark blue,
and outer red boundary, in dark red, are used as boundary limits of the Poisson equation. The value
of the pixels on the blue patch are assigned by computing the mean pixel values of the image that
corresponds to the patch. Pixels on the red patch are given the same value as of the correspondent
pixel in the image. Adapted from [126].
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A visual representation of the steps taken to generate texture models is illustrated in
Figure 21.
3D and 2.5D
Meshes and
Undistorted
Images

Preprocessing

View Selection

Color Adjustment

3D and 2.5D
Textured Meshes

Figure 21. Flowchart illustrating the steps taken to compute texture models.

3.6. Georeferencing
The current step of the workflow will attach the geolocation of the resulting model
from the previous step into the real-world reference. For this, computed coordinate files
such as coords.txt were computed at the start of the workflow when the images were being
prepared to be inserted into the SfM workflow and contained the coordinates extracted
from each of the images, and geocoords_transformation.txt file resulted during the SfM
reconstruction where the model is built based on the relative position of the images and later
aligned with the GNSS information available. In situations where these files are not present,
the extracted EXIF information of the images can be used to georeference the reconstruction.
On the other hand, the algorithm will favor the geocoords_transformation.txt if both files
are present.
To georeference the model, information from the coordinate files is extracted and
converted, if need be, to a certain format, and a transform matrix is built. The textured
model is loaded and its mesh is extracted. The transform is applied to the mesh and each
surface texture is iterated once and applied specific transformations using Geospatial Data
Abstraction Library (GDAL) [132].
Additionally, the point cloud obtained in the filtering step can also be georeferenced
by applying the transformation to the point cloud using a Point Data Abstraction Library
(PDAL) [70].
It should be also of note that the georeferencing process is performed first on the
2.5D model and subsequently on the 3D mesh. This is done so that the transform matrix
used on the 2.5D model can be later used for the 3D mesh. If the process was inverted,
elevation models and orthophotos might not align [4]. Figure 22 represents a diagram of
the georeferencing process.
3D and 2.5D Textured Models and
geocoords transformation file obtained from SfM or
extraction of coordinates from images metadata

Application of
transform matrix to
the mesh

Application of
transform matrix to
texture patches

Georeferenced
3D and 2.5D
Models

Figure 22. Georeferencing workflow.

3.7. Orthomap
The last step of the workflow involves generating an orthomap of the model. An
orthomap aims to display a general map of the surveyed area by correcting the geometry
of photos, so a scale homogeneity is present. A correction of perspective is also performed
over the captured images in order to give a perception that the images were captured and
the camera was in parallel planes [133]. This way, a true distance between points can be
measured [134].
In this step, the georeferenced model from the previous step is loaded. The mesh
and the textures are extracted, and a boundary of the reconstruction is established. This
boundary model consists of all the vertices that belong to the reconstruction. From the
boundary model, a transform matrix is extracted and applied to the mesh using a pixel by
pixel method so that the mesh can be encased into the area of an orthophoto. Following this
pixel-by-pixel transformation of the mesh, textures are applied back to the mesh surface
using a dictionary that mapped the ID of the surfaces with the ID of each texture patch.
The orthomap is then converted into a GeoTIFF type of file. The reason GeoTIFF type
was used is that it allows the information regarding the georeferencing to be stored inside a
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TIFF file [135]. The conversion is done by a rasterization process using GDAL library [132].
The reason for using this library is that allows the georeferenced coordinates of the model
to be preserved during the rasterization process.
Next, a cutline file is generated in order to express the zones of which should be
removed, and the regions are cropped using a tool named gdalwarp of the GDAL library [132]. Additionally, sharp edges of the reconstructed orthomap are smoothed using a
feathering technique [4].
The result of the orthomapping process can be seen in Figure 23.
Figure 24 represents the steps taken on the orthomapping process.

Figure 23. The resulting orthomap of the surveyed area with approximately 0.2 m between two
consecutive points of the point cloud.
2.5D
Georeferenced
Model

Construction of
Boundary Model

Application of
Transform Matrix
to the Mesh

Texturing of the
Transformed
Mesh

Conversion to
type Geotiff

Ortho map Image

Figure 24. Ortho map flowchart.

4. Experimental Results
This section aims to display the results obtained from the implementation of the workflow.
The model was implemented in Python programming language with integration
of the aforementioned open-source algorithms. The maps were generated using a i78700@3.20 GHz processor computer with 64 Gb of RAM running a 64-bit Ubuntu 18.04 LTS
distribution.
It should be noted that due to the high computational power required to process
the data sets, an i7-8700@3.20 GHz processor computer was used, as a lower processor
(i7-7700HQ@2.80 GHz) resulted in memory issues.
The implemented workflow was tested using data sets that were obtained using UAS.
Here, the camera used was calibrated before the surveying flight and the distortion present
in the images were removed. The workflow was tested on three different types of data sets.
The first data set tested used the most common type of images, RGB images, as they can be
collected using most cameras. This test aimed to evaluate the ability to generate models
using images that could be captured using mundane devices such as smartphones.
The following data set used was the multispectral images. Here, a MicaSense RedEdgeM camera was resorted to as it allowed the capture of images on five different bands: three
bands of the visible spectrum (blue, green, and red) and two bands from the invisible
band of the electromagnetic spectrum, red-edge and near-infrared. Due to the design of
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the camera’s lenses, an image calibration process is required to correct any displacement
that occurs. Additionally, image sets of a single band were also used to test digital model
reconstructability.
Finally, the last data set tested used thermal images captured using a Flir Vue Pro
R camera. Because of the difficulty in feature detection and as a result of matching, an
adaptation was implemented.
The Table 4, located at the end of the paper, shows some characteristics obtained from
each data set.
Table 4. Characteristics of data sets and their produced models.
Dataset

n◦ Images

n◦ Feature
Detected

n◦ Image Pairs

n◦ Points

Point Density
(Per Square Unit)

Time Taken (s)

RGB

353

634,825

1769

525,244

81.8143

473

Single Band (Blue)

36

153,703

173

1,054,350

99.3281

238

Multi Band

180

153,703

173

1,040,177

97.3424

650

Thermal

321

132,740

1429

3,660,046

30.5284

930

4.1. RGB Product
One approach taken with the program was the reconstruction of a digital model based
on RGB data. This data can be obtained by any portable camera with varying degrees of
resolution.
The RGB data set is composed of 353 images taken at approximately 280 m high. The
altitude and velocity of the UAV enable an image to be taken approximately every 2 m,
thus allowing high region overlapping which are important for the SfM workflow. Each
image captured is stored, and information regarding the GNSS coordinates and the band
name, in this case RGB, are stored in the metadata of the image.
A digital ortho map and 3D model reconstruction are generated by applying the
workflow to the image set (Figures 25 and 26).

Figure 25. Orthomap generated from RGB imagery. Two points of the point cloud are approximately
distanced by 0.09 m.
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(a) 3D point cloud.

(b) 2.5D point cloud.

Figure 26. Point cloud models obtained from RGB images.

4.2. Multispectral Product
A second approach taken was the reconstruction of models based on multispectral
imagery [136].
In this approach, a MicaSense RedEdge-M camera is used. This camera allows the
capture of images on five distinct spectral bands, three on the visible spectrum, red, green,
blue, and two on the invisible spectrum, near-infrared, and RedEdge. The captured image’s
metadata contains the GNSS information relayed from a Global Navigation Satellite System
device to be used to georeference the model and a Downwelling Light Sensor (DLS) which
will measure the ambient light during flight. The latter information is relevant to correct
the brightness variation that can occur due to sunlight obstruction by clouds or any other
objects during the image capture.
Furthermore, the reconstruction process presents slight divergences when a single
band or multiple bands are used to reconstruct a multispectral model.
In order for the program to detect if multiple bands are present, an analysis of the
metadata is performed. If multiple band names are discovered during the analysis, the
algorithm is altered, so images from multiple bands are integrated into the reconstruction.
The notable differences are explained ahead.
As for a reconstruction of a single band, the blue band was chosen as the band to
generate a single band model. The data set used is composed of 36 images corresponding
to the blue band taken at approximately 270 m high. Based on the GNSS coordinate
displacement and the image file name, it is deduced that an image was captured once
every 43 m leading to a region overlapping of roughly 50%. As the band name always
refers to the blue band on the metadata extracted from the image set, the program proceeds
identically to the workflow taken on an RGB model.
The single band model products are illustrated in Figures 27 and 28.

Figure 27. Orthomap generated from single band, in this case the blue band, obtained from MicaSense
camera. Two consecutive points are distanced approximately 0.2 m apart from each other.
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(a) 3D point cloud.

(b) 2.5D point cloud.

Figure 28. Point cloud models obtained from the processing of images from a single band, in this
case the blue band.

Multi Band
When multiple band names are detected on the image set, the algorithm takes the
smallest band index images of the data set. From the study of the MicaSense camera
documentation, the band indexes are sorted by blue, green, red, near-infrared, and red
edge, from smallest to largest respectively.
The initial process of the SfM workflow, namely, metadata extraction, feature detection,
feature matching, tracks creation, and finally sparse reconstruction, are performed on the
blue band (primary band), the lowest index band of the data set.
From this point on, the main workflow suffers a slight deviation compared to the
standard procedure.
As the reconstruction file contains the images that are integrated into it, images
from the other bands (secondary bands) are matched against the images of the primary
band. Alignment matrices are computed provided the secondary band images present
good matches with images of the primary band. The alignment matrices are a product
of homography.
Homography is described as a method to transform the perspective of a plane into
another perspective, or in other words, is the reprojection of plane from one camera
viewpoint into a different viewpoint. In order to accomplish this, homography uses SIFT
to detect features between images. To match the features, two techniques are used. A
Brute Force matcher is ran first by using the created feature descriptors of one image and
matching with the features of the second image based on distance criteria, returning the
closest one. The benefit of this method is that its processing time is rather short as only a
few features are compared due to the distance criteria. However, a different approach is
required, in case no results are returned from the Brute Force matcher.
The second approach to matching features uses Enhanced Correlation Coefficient
(ECC) developed by Evangelidis et al. [137].
Image alignment algorithms can be characterized by the estimation of a suitable geometric parametric transformation that correctly maps the coordinates systems of both
images and the suitability of the parameters of said transformation. The mapping of coordinate systems between two images can be done based on the discrepancies between two
complete image profiles, pixel-based or, for specific features, feature-based [137]. To evaluate the suitability of parameters, two approaches are defined. A gradient-based approach,
often used in computer vision applications, is adopted due to its low computation cost
requirement. However, the convergence can fail when homogeneous areas are present. The
second method, the direct search technique, although not suffering from the convergence
on homogeneous regions, has higher computational requirements than the gradient-based
techniques.
From this, Evangelidis et al. proposed a gradient-based image algorithm, Enhanced
Correlation Coefficient (ECC), as a new method to compute image alignments [137]. As
a gradient-based algorithm, ECC is capable of achieving high accuracy in parameter
estimation. Additionally, as the correlation coefficient between two images is taken as an
objective function, its performance is invariant to illumination changes in images. Therefore,

Remote Sens. 2021, 13, 3227

38 of 47

the benefits of the ECC are the low computational cost and the invariability to contrast and
brightness of photometric distortions. The ECC calculates the alignment of two images by
estimating the 2D geometric transformation, characterized as a motion model of a reference
image. This model is stored in a warp_matrix that is applied to the input image, resulting
in a warped image registered in the coordinate system of the reference image.
Following the homography of images, the distortion present in the images is removed by using the distortion values present in the metadata of the image to calculate the
undistorted values of each pixel and remapping them to a new image.
At the end of this, similarly to a single band reconstruction, an N-View Match file
format is created for each band composed by the integrated images of the said band in the
reconstruction, its normalized focal length, the transform matrix, and pose of each band in
relation to the origin of the model.
From this point on, the steps are run similarly to a single band reconstruction with
small deviations in the texturing and georeferencing steps.
On the texturing step, the textured 3D model is built similarly to a single band, based
on the primary band. However, separate textured 2.5D models are generated for each
band present.
Accordingly, the georeferencing step is performed over the created models using
geocoords_transformation.txt created on the SfM step.
In order to generate a multispectral model, the images taken from the MicaSense
camera were introduced as the dataset into the program. This dataset is composed of
180 images divided into the 5 captured bands, red, green, blue, near-infrared, and red edge.
Similar to the single-band experiment, the images were taken at an altitude of roughly
270 m, and images were taken with a 43-m distance. This leads to an overlap of roughly
50%. The program detects the presence of multiple band names in the dataset from the
analysis of the metadata extracted and follows the workflow taking the slight deviations
explained above.
The result of the workflow with the additional steps explained above is shown in
Figures 29 and 30.

Figure 29. Multispectral orthomap generated from images obtained using MicaSense camera. Distance between two points is approximately 0.2 m.
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(a) 3D point cloud.

(b) 2.5D point cloud.

Figure 30. Multispectral point cloud models generated from the processing of imagery obtained
from MicaSense camera.

4.3. Thermal Product
Lastly, the generation of models based on thermal images has not seen great emphasis,
as these images often possess a low density of distinct features which increases the difficulty
of the detection and matching of features between images. Therefore, a method was
developed to generate models using thermal images.
Here a Flir Vue Pro R camera was used that allows the capture of accurate and
calibrated thermal images along with radiometric data from aerial platforms enabling it to
be used to assist in precision agriculture.
The thermal image is extracted using a FLIR image extractor where the raw data of
the thermal sensors can be extracted from the metadata of the input image [138]. The input
image and the thermal sensor values are converted to temperatures and stored in a created
image. The metadata of the original image is copied to the processed image. The processed
thermal images are then stored in a different folder to be used later.
Following the extraction of thermal data, the original images follow the standard
workflow of the program. The metadata is extracted, and the features are detected and
matched between neighboring images. At this point, the image set is replaced by the
processed thermal image set. Therefore, the original images are placed in a backup folder,
and the thermal images take the place of the original images.
The switch of image set is done here because, as mentioned before, thermal images
often present a low density of distinct features, so the matching of features becomes difficult.
The intention with the switch of image set is to tell the program to use the features detected
and matched of the original data set on the thermal images. As the creation of tracks
only require the information regarding the features and matches of the images to create
tracks and the reconstruction step expects the identifier of each image which are stored
in the tracks manager generated by the track creation step, the switch of image set does
not affect any of the mentioned steps. Following the reconstruction step, both sets of
images, original and processed thermal images, have distortions removed as is required
for the succeeding steps. The reason to undistort both image sets is that the densification
requires the removal of distortion from the images to compute correctly the depth maps
of each image. Additionally, the thermal images currently being used by the program are
undistorted first, and the original images are undistorted afterward, placing the undistorted
thermal images on the backup folder.
The original undistorted images are then used for the following steps, namely, the
densification and meshing of the model. In the following step, the texturing, both image
sets are switched once more. The reason for this switch is to texture the mesh using the
processed thermal images. Afterward, the standard workflow is followed, as the GNSS
coordinates used to georeference the model are equivalent on both image sets.
The interchanging between original imagery and thermal imagery allowed for the
reconstruction of a thermal model, using the original image set to build the model and later
textured using the thermal images.
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The thermal dataset is composed of 321 images captured from the Flir Vue Pro R
camera at approximately 313 m high. with images being taken roughly 20 m apart, allowing for an overlapping ratio of approximately 75%. The image set follows the standard
reconstruction workflow with the modifications on the corresponding steps mentioned
above. The result is displayed in Figures 31 and 32.

Figure 31. Orthomap generated from thermal images. On average, a distance of 0.01 m is present
between two consecutive points.

(a) 3D model.

(b) 2.5D model.

Figure 32. Models generated from thermal images.

5. Discussion
In this paper, an overview of a 3D model creation system was studied using aerial
images collected using UAVs. Three types of images were used: RGB, Multispectral,
and Thermal. The first image set, the RGB, can be captured using a regular camera or
smartphone, and therefore, the most common type of image is composed of three visible
bands of the electromagnetic spectrum. In the second image set, the set is composed of
images of five bands: three of the visible spectrum (red, green, and blue) and two of the
invisible spectrum (near-infrared and red edge). For the final model, near-infrared images
were used in order to build a thermal model of the surveyed region.
Using the system developed by [4], Each image set was introduced into the system,
and its steps were carefully analyzed to understand the processes that affect the images
and create a 3D model. Section 3 gives a detailed insight into the implemented method
in the different steps of the system as well as other possible implementations in literature
developed by other authors. The comparison between the systems is highlighted in Table 5.
Table 5. Comparison between developed systems.
Platform

RGB (Y/N)

Multi Spectral (Y/N)

Thermal (Y/N)

OpenDroneMap

Y

Y

N

Ours Platform

Y

Y

Y

From this study, a conclusion was reached that different types of image sets do not
follow the same workflow, and small modifications were implemented. In the case of the
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Multispectral image set, it followed the same workflow as that of the RGB, and then, it
took a different processing path, where images of different bands were integrated into the
model by comparing with images of the current band through homography, before joining
back the path of the RGB workflow.
Additionally, an innovative mapping technique using thermal images was proposed as
no such method was implemented in the developed system by [4], and no open-source tool
was found. As these images often possess lower distinguishing features, the implemented
workflow was adapted to allow the processing of the near-infrared images before analyzing
the thermal data.
However, due to the current situation, the accuracy of the created models cannot be
verified as it would require field survey measurements to be taken and compared to the
same measurements of the model. For this, an authorization to the survey site is required
that we do not possess at the moment.
All in all, the models and orthomaps obtained were extremely satisfactory, as most
objects present in the real world and captured during the survey were successfully reconstructed in our experiments. Furthermore, the georeferenced models created presented
excellent overlapping when displayed over google maps or interactive maps like Leaflet
(Figure 33).

(a) Georeferenced RGB model.

(b) Georeferenced Multispectral model.

Figure 33. Georeferenced model overlap with Leaflet interactive map. This platform was developed
by [139,140].

However, future improvements are necessary. As it can be seen on the 3D and 2.5D
models in the (single band and) multispectral experimental results, the models are not
fully covered with texture patches obtained using the images, contrary to the results
obtained using RGB and Thermal sets. It is still unclear to us why this happens, and further
investigations are required. On the other hand, future surveys are required to test the
robustness of the developed system. Additionally, a joint effort is being made with the
developers of [4] regarding the integration of the proposed thermal mapping technique.
6. Conclusions
In this paper, an overview of an automated system to create outdoor models using
aerial images collected using UAVs was conducted. A brief history of previous works
and their methods is introduced, in order to give some background on the importance of
shaped outdoor models in scientific fields that require mapping.
A detailed analysis is carried out on each step of a workflow based on OpenDroneMap
and the processes through which the input images undergo to produce a map as the final
product. For each step, an introduction of previous relevant works is displayed as well as
the categories into which the algorithms can be divided. The output of each stage is used
as the input of the succeeding process.
Finally, the workflow is applied to different types of datasets.
The most popular type of dataset, comprising RGB images, was used to generate the
most digital models, as the cameras used to obtained such imagery are common and can
be acquired using a regular camera/smartphone.
The second type of dataset was the multispectral images, where images were collected
using a MicaSense camera. This camera is able to capture images on five different bands,
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red, green, and blue, from the visible spectrum, and near-infrared and red edge, from the
invisible spectrum. Two paths were taken with this dataset, the computation of models
using a single band and the combination of all the bands. Although the generated model
was pretty similar in terms of mesh, the patch-based texture algorithm appeared to have
suffered some difficulties. It can be stated though that the multispectral model computed
using the combination of bands appears to display bigger texture patches when compared
to the single-band model in both, 3D and 2.5D models. Furthermore, it should also be
highlighted the resolution of the ortho map generated with all bands compared to the ortho
map of the single band.
In the last dataset, thermal images were used. Due to a non-existent single open-source
tool that allowed the processing of thermal images and the complications of Structure from
Motion algorithms in generating products for thermal imagery, because of a low amount of
distinct features and the homogeneity of outdoor environments, a strategy was devised to
generate thermal models.
In summary, at the time of the writing of this paper, no literature was found that
addressed in detail the computer vision processes used for mapping from image sets. The
developed system, based on the work of OpenDroneMap, implements the principles of
Structure from Motion to generate sparse models from aerial images, Multi-View Stereopsis
to build dense models based on the sparse model, Poisson Reconstruction to compute the
model’s mesh, and a patch-based texture model generated and attached to each mesh’s surface. Along with a few adjustments, the system allows the processing of RGB, multispectral,
and thermal images and produces their respective models.
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