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There are several programs to process the images taken 
by a drone. We present a system based on open-source 
systems for recording video and photography. Our pro-
posal provides a tool to those users who need to ob-
serve in real time the terrain during the flight of a drone, 
which can be achieved in two ways: 1) through the mo-
saic of images; 2) by generating 3D point clouds and 
their tessellation. To demonstrate the usefulness of the 
recorded images, these are processed by the proposed 
system through the visualization of their 3D models. 
Besides, a quantitative evaluation has to be carried out, 
in order to indicate that our models have an approxi-
mate error of 0.7 m. Finally, a tool was developed to au-
tomatically classify sections of interest in aerial images. 
These areas correspond to three types: urban, vegeta-
tion, and agricultural land.

Key words: image stitching; 3D visualization; drones.

Existen varios programas para procesar las imágenes 
tomadas por un dron; presentamos un sistema basado 
en sistemas de código abierto para grabar video y foto-
grafía. Nuestra propuesta proporciona una herramienta 
a aquellos usuarios que requieran observar en tiempo 
real el terreno durante el vuelo de un avión no tripulado, 
lo que puede hacerse de dos maneras: 1) a través del 
mosaico de imágenes y 2) mediante la generación de 
nubes de puntos 3D y su teselación. Además, para de-
mostrar la utilidad de las imágenes grabadas, estas se 
procesan mediante el sistema propuesto a través de la 
visualización de sus modelos en 3D. Asimismo, se reali-
zó una evaluación cuantitativa, la cual indica que nues-
tros modelos tienen un error aproximado de 0.7 metros. 
Por último, se desarrolló una herramienta para clasificar 
automáticamente secciones de interés en imágenes 
aéreas; estas zonas corresponden a tres tipos: urbana, 
vegetación y agrícola. 

Palabras clave: stitching; visualización 3D; drones.

Abbreviations/Abreviaciones

3D  Three-dimensional
CNN  Convulotional Neural Network
DJI  Da-Jiang Innocations
GPS  Global Positioning System
INAOE  Instituto Nacional de Astrofisica, Óptica y Electrónica
INEGI  Instituto Nacional de Estadística y Geografía
ODM  OpenDroneMap
ORB  Oriented FAST and Rotated BRIEF
ROS  Roboting Operating System
SLAM  Simultaneous Localization and Maping
UAV  Unmanned Aerial Vehicle

1. Introduction

For some years now, the processing of aerial images 
with specialized software tools has allowed the de-
velopment of diverse geographic tasks: cadastral 
surveys, agricultural monitoring, assessment of ur-
ban spot growth, monitoring of temperature varia-

tion, geographic cartography, creation of elevation 
models, exploration of high-risk areas, etc. [1]. At 
present, the use of UAVs, also known as drones, 
gives the opportunity to capture aerial images 
in real time, and as a consequence it opens up a 
range of useful applications such as building aerial 
panoramas, making real terrain measurements, 
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3D visualization, classifying the type of terrain, and 
evaluating the urban spot, among many others. 
UAVs have become a useful tool for capturing video 
and aerial photographs of large tracts of land. It is 
now possible to acquire aerial images at a relatively 
low cost, mainly through the use of UAVs equipped 
with a suitable camera [2]. However, all images cap-
tured with drones require intense post-processing, 
so software tools are needed to process them. There 
are several commercial software allowing the man-
agement of aerial images to reach some of the 
above-mentioned applications. The most important 
and best-known are Pix4D [3] and DroneDeploy [4]. 
Pix4D performs autonomous aerial flights, select-
ing a route of points to follow and adjusting various 
configuration options, such as height, speed, dura-
tion, and so on. This program allows the generation 
of point clouds, 3D models, and orthophotographs, 
among many other options.

On the other hand, DroneDeploy has setting 
options similar to Pix4D. Although both software 
programs are very complete, the cost for the use 
of their licenses can, in the long run, be very ex-
pensive (the Pix4D monthly license is 500 US, while 
DroneDeploy is priced at 450 US per-month). For 
this project, a commercial drone was preferred over 
one assembled, because the assembly of a drone 
requires a lot of work to achieve flight stability due 
to its weight, the batteries it requires, its propellers 
and even the external peripherals, which have to 
be taken into account. All this takes a great amount 
of time for a specialized work team.

As a consequence, a drone for development was 
selected: Matrice 100. It has a very stable flight, 
a wide range of information transmission (just 
over a kilometre) and can even add other periph-
erals without affecting the stability of the flight. 
Furthermore, the average Matrice battery is be-
tween seven and ten minutes, and the required 
time to fly an area of 25 hectares takes five min-
utes. To cushion the cost of the drone, we present 
a system developed exclusively with free software 
tools. Our system takes advantage of commercial 
drones and at the same time performs many of the 
tasks they offered at a relatively low cost, consid-

ering that the price of the drone and its respective 
peripherals are unique.

Our proposal’s main purpose is to provide the 
user with a system that allows recording a video 
and photographs in real time, which are taken by 
a camera mounted on a drone. Furthermore, our 
system can be able to do: 1) via real-time image 
mosaicking; and, 2) via real-time 3D point cloud 
generation and tessellation. To the best of the au-
thors’ knowledge, both real-time mosaicking and 
tessellation have been overlooked in commercial 
applications. Also, to know the precision of the 3D 
models generated by our system, an evaluation of 
them is provided. Finally, a tool to segment zones 
of interest (urban, vegetation and agricultural 
land) is presented. According to the qualitative and 
quantitative validation, the data recorded by our 
system has high precision. The remainder of this 
paper is organized as follows: the related works are 
briefly reviewed in Section 2. The general scheme 
adopted for mosaicking in real-time is explained in 
Section 3. In Section 4, the methodology to build 
the 3D mesh in real-time is briefly expounded. The 
post-processing for the generation of 3D models 
using OpenDroneMap is reported in Section 5. 
The tool to segment zones of interest is presented 
in Section 6. In Section 7, the experimental results 
are shown. Finally, the conclusions of our system are 
presented in Section 8.

2. Related Work

Image mosaicking is a challenging area of study 
because different methods and techniques to 
build high-quality mosaic are employed. The most 
common methodology is this: in the first step, the 
extraction of visual descriptors (characteristics 
such as colour, shape, orientation and scale) are 
obtained. These are employed to correspond the 
current image (input image) against the destina-
tion one (final image), using the feature matching. 
After we calculate the homograph matrix for each 
pair matching points, one belongs to the current 
image, and another corresponds to the destina-
tion image. This matrix is employed to join the 
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images (stitching) with suitable orientation, scale 
and displacement. Finally, a seamless continuous 
mosaic is done by blender method.

There are some proposals that don’t extract the 
visual descriptors and as a consequence don’t use 
the feature matching. Therefore, these find the rela-
tionship between a pair of images through the tem-
plates or windows, it is a small region of the image. 
The similarity metrics for each template are calcu-
lated from their pixel values [5, 6]. Another tech-
nique, which is based on local characteristics [7], 
uses the bag of words allowing to search the corre-
spondences rapidly. As a result, these approaches 
have been broadly used to perform real-time appli-
cations to improve image alignment accuracy and 
processing time [8].

Although the stitching algorithm is the most 
popular in the creation of aerial mosaics, [9] the au-
thors propose to keep binary descriptors inside of 
a base of Hash-Tables to speed up the search. This 
strategy allows generating image mosaicking with 
efficiency in real time, without importing the reso-
lution, the number of coincidences, and the num-
ber of descriptors [10].

At present, most of the software that built a mo-
saic, from either aerial, front or oblique images, 
can do it regardless of the change of illumination 
and size. In this work, images of our interest are 
aerial, which are captured by drones; some times 
they have additional information, such as Inertial 
Measurement Unit sensors combined with a vid-
eo sensor and the GPS [11, 12]. This information is 
used to create maps [13], SLAM [14] and methods 
for feature extraction [15].

Concerning applications for drones, two kinds 
are considered: those applications compatible 
with DJI platforms and those compatible with 
commercial and open-hardware drones. Both can 
be installed on mobile phone, tablets and comput-
ers, and they perform the image stitching, auton-
omous navigation, reconstruction and other tasks. 
Some compatible applications with DJI platforms 
are: AirMap is a tool that maps the drone flights lo-

cation and keeps a log of them by notifying in real 
time about traffic alerts through the mobile app 
[16]. Hover is an application that provides informa-
tion about the location, even adding meteorologi-
cal data in such a way that the application warns if 
it is safe to fly or not considering visibility, wind, etc. 
[17]. Similarly, UAV Forecast is a tool that provides 
piloting info; for instance, wind speed and its di-
rection [18]. B4UFLY is subjected to the drone laws 
of the United States, which are established by the 
Federal Aviation Administration [19]. Nowadays, 
DJI (company) [20] offers its application [21], which 
can be used on its drones: DJI Mavic, Phantom, 
Inspire, Matrice 100 and Spark. It allows perform-
ing flights with waypoints and Virtual Reality/First-
Person View functionality. Contrarily, those appli-
cations that work with any drone are the following: 
Verifly [22] includes drone insurance, which is valid 
during the drone flight. Kittyhawk is an app and 
platform that checks the weather, maps with no-fly 
zone listings, maps with active air traffic informa-
tion, apps that keep flight logs and help you track 
your drones, etc. [23]. The previous applications al-
low editing and sharing your photos/videos from 
the app. However, if you want to perform all their 
functions, it is necessary to buy them and, in some 
cases, they are too expensive. 

As can be noted from the above-mentioned ap-
plications, their main aim lies in perform autono-
mous navigation and reconstruction. Furthermore, 
they have a cost. For this reason, this work aims to 
present a system based on open-source software, 
that can generate image mosaicking and tessella-
tion in real-time. Additionally, it guarantees free-
dom of modification (you can access and modi-
fy the code), unlimited testing (the tools can be 
downloaded, installed and tested without restric-
tions), free (no license fee) and extensive support 
(there is a large support community for extended 
use applications).

3. Mosaicking in Real Time

In this system, we have developed a novel tool that 
allows the creation of a panoramic image in real 
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time. As far as we know, this tool is not yet available 
in any of the existing commercial tools.

A flight drone is coordinated with the vehicle 
and a workstation. In figure 1, the image on the 
left shows the general communication scheme of 
this system. The drone transmits the video signal 
to the drone control through a radio frequen-
cy of 5.8 GHz and this, in turn, to the workstation 
through the image recorder “Avio 4K”. To create the 
mosaic with aerial images, we extract the visual 
descriptors. Subsequently, the search is carried out 
for the correspondence between a destination im-
age and the current image, which allows for mul-
tiple images to be combined even with a different 
view, creating the mosaic (figure 1, the image on 
the right). The experiments performed have syn-
chronised with the video input and the algorithmic 
module conducted by ROS [24] to show the image 
mosaicking and saved the keyframes captured 
during the flight.

This mosaic allows the user to obtain either a 
quick view of the difficult-to-access ground, a pre-
liminary vision of a region after a natural disaster, 
or a zone inspection. A drawback is a procedure 
required to do a mosaic, which is in the function 
of the number of keyframes process by our system. 
That is, when the number is high, the final mosaic 
does not have a precise alignment. For this reason, 

a user parameter was added, overlapping, to con-
trol the overlap between two keyframes, and as 
a consequence the number of keyframes. A high 
percentage of overlapping the number of key-
frames is long.

4. Real-Time 3D Mesh

Surface reconstruction from point clouds is a re-
verse engineering problem used for geometric 
analysis of objects, simulations, video games, etc. 
[25]. In this section, we present a system module 
that is responsible for reconstructing surfaces as a 
3D mesh in real time. We use the same communi-
cation scheme explained in the previous section. 
Also, figure 2 shows the communication process 
that was developed between different functions 
for the creation of the mesh. During the flight, each 
image is received by ROS, which sends it to ORB-
SLAM [26] to generate a 3D point cloud. This cloud 
is returned to ROS where the 3D mesh is finally 
generated (purple box).

This approach builds a real-time 3D mesh consid-
ering a less dense point cloud. First, ORB-SLAM gen-
erates the corresponding 3D point cloud from an 
aerial image, which is composed by a set of points 
(X, Y, Z) and for each point, an index is assigned to 
generate a Voronoi Diagram [27]. After setting the 

To the left: general communication scheme. The drone sends the video signal to the remote control via radiofrequen-
cy. To the right: the computer receives images, analyses the overlap points and stitches them.

Figure 1

Video source

Radio frecuency
5.8 GHZ

Avio
Framegraber

Image and
video recording
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height of all points to zero to rasterize the image 
and the X and Y values are normalized between [-1, 
1], that is, each point named seed is put into a red-
green matrix. Once an image raster is generated, the 
Jump Flooding Algorithm [28] is applied to prop-
agate indexes for each seed over those pixels that 
are empty. The final matrix represents the Discrete 
Diagram of Voronoi [29]. In figure 3, the graphical 
steps to generate the mesh in real-time are shown.

5. OpenDroneMap

With a set of aerial images, it is possible to build two 
useful outputs to explore terrain deeply: an ortho-
photo and a 3D model. The former is a high-qual-
ity panoramic view, and the second is a 3D rep-
resentation. The proposed system generates those 
outputs based on ODM [30]. ODM is a free software 

able to process aerial images and generates many 
outputs: orthophoto (simple png or GeoTIFF im-
age), 3D models (point cloud file and the meshed 
surface), texturing (the texturing surface mesh), 
and georeferencing models. The GeoTIFF output 
allows georeferenced information to be embed-
ded into it, which means that the orthophoto can 
be seen in any mapping software like Google Earth, 
QGIS, Meshlab and others. In figure 4, we show the 
general scheme of this module of our system. A set 
of aerial images are obtained by drones’ flight or 
from some repository. These images are processed 
by the system and generate output files that al-
low visualizing the complete scenario and at the 
same time appreciate details of volume and depth. 
With specialized programs such as MeshLab [31], 
it is possible to adjust the scale of the model, take 
measurements, and extract the corresponding 
point cloud, among many other functions.

The communication process used to generate a mesh from the real-time 3D point cloud.

Figure 2

3D mesh. Steps to generate a mesh during the drone’s flight.

Figure 3
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5.1.  Validation of 3D Models

In order to assess the accuracy provided by these 
3D models, we present in this section a qualitative 
(visual comparison) and quantitative (Euclidean 
distance among their points) evaluation. The data-
set employed to evaluate the accuracy of 3D mod-
els was generated from an official raster provided 
by INEGI. A raster is a grid of pixels, where each one 
contains a value representing surface elevation, 
called Digital Elevation Model. The raster informa-
tion can be used to create a point cloud; that is, the 
elevation values correspond to the z-axis. 

The point cloud obtained from raster was divid-
ed into several worlds, where each world is com-
posed of 50 x 50 pixels.1 To build them, the raster 

1 Each pixel in Magdalena Contreras raster’s covers an area of 2 x 2 meters on the ground.

was loaded with Matlab to get its 3D point cloud in 
order to be able to save a region in the ply format 
(during the evaluation these were referred to as the 
original point cloud). This 3D point cloud is then 
converted into a triangular mesh with MeshLab, 
and texture is added with Blender [32]. After that, 
each world was a scenario in Gazebo [33], where 
a virtual flight with a drone was taken. This virtual 
drone is equipped with a camera able to take ae-
rial pictures, including virtual GPS information for 
each picture. Finally, for each georeferenced 3D 
model, its respective 3D point cloud was generated, 
which will be compared against the original point 
cloud. We create ten simulated worlds. However, 
due to space availability, we will only visually pre-
sent two of them. Finally, the precision metrics are:

•	 Error is the Euclidean distance between the 
i-element of the original point cloud (PCor) 

Figure 4

Aerial input images are processing by ODM that generates two outputs, the orthophoto and the 3D model.

Aerial images
taken by drones

Input

ODM

Images
Repository

Output: orthophotography

Output: 3D model
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and its nearest element corresponding to 
the georeferenced 3D model generated 
by ODM (PCODM). This is computed by

erri = (||PCor  – PCODM||)i

 where erri indicates the interval of error for 
each point cloud.

 
 Other measures are:

 
       Minimum and emin= (erri)

 maximum error emax= (erri)

 Mean Absolute Error µ = –  ∑ erri
i=1

1
n

n

 
 Standard   deviation σ =   –  ∑ (erri – µ) 2

i=1

1
n

n

 
 where erri  is the error of i-element of PCor, 

µ is the mean absolute error and n is | PCor |.

Results

In figure 5, the original point cloud (left) and the 
point cloud corresponding to the georeferenced 3D 
model are presented (right). Although both 3D point 
clouds look identical, with similar shape and scale, 
they have different x, y and, z values. Furthermore, 
the first point cloud (Section 5) is rotated concern-
ing the original point cloud.

Two 3D models: the original point cloud (in red) and a point cloud from the ODM 3D model (in blue).

Figure 5
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These point clouds were aligned through the 
Iterative Closest Point [34]. algorithm to com-
pute previous metrics. In table 1, the results are 
shown.

According to the results, for the most of 3D mo-
dels, the mean absolute error (µ) is lower than a 
meter, except Section 5 (see table), whose value is 
2.039236 m. Finally, the µ  average is 0.7566509 m. 
Furthermore, the mean interval for error is found 

Table1

Error-values for ten-point clouds extracted from INEGI’s raster

Figure 6

Histogram error of Section 5 and Section 7

Id. Section Metrics

μ emin emax σ

Section 1 0.8994208  0.0287579 3.454045 0.6232341

Section 2 0.7671860  0.0189523 2.524240 0.5159046

Section 3 0.4349553  0.0101516 3.299515 0.3310733

Section 4 0.6516958  0.0192623 9.894009 0.808559

Section 5 2.039236  0.064441 6.227036 1.404786

Section 6 0.6782711  0.0213524 4.537317 0.5577992

Section 7 0.3927942  0.0204476 1.792584 0.3309126

Section 8 0.363957  0.0127606 1.586797 0.2878624

Section 9 0.8677112  0.0334127 2.993543 0.4633393

Section 10 0.4712819  0.0247501 1.592259 0.2673401

Average 0.7566509  0.0254288 3.7901345 0.5590810

between 0.0254288 and 3.7901345 m, where sec-
tion 10 has the smallest interval, and the opposite 
is Section 4. In figure 6, the distribution of the error, 
in meters, for two 3D point clouds between emin and 
emax through a histogram is shown. According to 
the histograms, for both sections a lower error is 
most common (to left err-axis) than a high error. 
According to the results, those models generated 
by ODM are similar to the surface, with a difference 
lower than a meter.
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6. Automatic Zone Classification

At present, the analysis and classification of geo-
graphical areas allow us to know the changes that 
have taken place over time. It is of great interest to 
specialists how an agricultural land becomes ur-
ban or how a forest is cut down to become agri-
cultural or urban land, among many other aspects. 
Aerial images can be used to land-cover classifica-
tion because these images can be obtained quickly 
and at low cost using a drone. Längkvist et al. [35] 
identified vegetation, ground, roads, buildings and 
water on multispectral orthoimages employing a 
CNN. In [36], Gamba and Houshmand employed 
a fuzzy C means to identify vegetation, buildings, 
roads and open areas. Vazquez et al. [37] identified 
the kind of cultivation in some region of Mexico 
by means of multilayer perceptron networks. In 
[38], Aguirre-Gutiérrez et al. combined pixel-based 
and object-based land cover classifications to 
study forest cover changes in the North of Mexico. 
Moreover, the approaches above employ addition-
al information such as a digital elevation model, 
digital surface model or multispectral images, but 
none performs the classification from aerial imag-
es. Therefore, a cover-land classification by means 
of a CNN for segmenting  agricultural, urban,  or 
green zones is presented.

6.1. CNN for Zone Classification

Convolutional neural networks have demonstrat-
ed satisfactory performance in processing images  
[39]. Their architecture was inspired by the animal 
visual cortex organization; these learn progressive-
ly the features from a set of images, named data-
set, through each layer. They are trained using the 
backpropagation algorithm. Details for dataset 
and architecture CNN can be found below:

•	 Dataset. It is composed of 18000 small images 
of 60x60, named patches. Each patch con-
tains information corresponding to one re-
gion, either agricultural, urban or vegetation.

  As a consequence, there are 6000 patches 
for each region. On the other hand, a CNN re-
quires a large amount of training data, so our 
dataset was increased by the synthetic data 
augmentation technique. The applied trans-
formations to our dataset were rotation and 
translation.

•	 CNN	architecture. This has thirteen convolu-
tional layers and one fully connected. Moreo-
ver, its input is an image region of 60x60 and 
its output is the colour corresponding to the 
identified region, which is put by pixel. In fig-
ure 7, the input image, the CNN architecture 

Architecture of our CNN, where blue boxes represent a convolutional layer and the purple box represents a fully 
connected layer. Although an image is the input, in fact the area surrounded by a red rectangle is the input to CNN.

Figure 7

In Out

60
60

Urban
Vegetation
Agricultural
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and the output image are shown. To train 
the CNN, 80% of the dataset was employed, 
and the rest was used to test the model.

7. Experimental results

In this section, we present the experimental results 
of the modules of our system. These results were 
generated from the information of three flights, 
they were done by a Matrice 100, in which the fol-
lowing is evaluated: the quality of the image, its 
geographic orientation, and its portability.

7.1. Real-time mosaicking experiments

First, we present the mosaics obtained in real-ti-
me as a result of two flights. The first scenario 
was in the technology park in the outskirts of the 

INAOE, where the environment contains rural 
areas and buildings. The second scenario was in 
the “La Guyana” field in the state of Aguascalientes, 
México. This environment is larger, with big fields 
and agricultural areas. The results performed with 
the image stitching algorithm were to create a fi-
nal panorama. Our experiments focus on the en-
vironment with different characteristics as trees, 
buildings, green, and agricultural areas. Besides, a 
high-resolution image allows performing a good 
feature matching algorithm in spite of different 
objects in the background. In figure 8, the image 
on the left shows a mosaic created from a flight 
at 100 meters altitude and covering an area of 
150,000 square meters, whilst the image on the 
right displays the mosaic of a flight at 110 meters 
high and a region of approximately 160,000 square 
meters. By the nature of the terrain, the separation 
between the images, because of the zigzag drone 
path, is more evident, which is a consequence for 

Obtained mosaics from image stitching. To the left, we show a scene that is a combination of buildings, cultivation, 
and green areas. To the right, we can see cultivation areas in a more arid region.

Figure 8
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real-time processing. Although the time required 
by commercial applications is greater than our sys-
tem for building a high-quality mosaic, we offer a 
quickly mosaic from a flight, besides the keyframes 
can be used to build a high-quality orthophoto 
with other utilities of our system (Section 5). 

7.2.  3D mesh experiments

In this section, we present the results of the 3D 
mesh module of the system, which is done in real 
time. The video signal is analysed by the ORB-SLAM 
that identify the visual descriptors of the elements 
and objects of each frame, creating a set of points. 
In figure 9 above to the right, we show the scene 
that the camera is pointing at, while in the lower 
right we can see the visual descriptor points, and 
finally, to the left you can observe the coloured 
mesh that is being built.

We use the data of the flight of INAOE from the 
previous experiment. The advantage of this system 
module is that no new flights are required, just the 
video that was captured the first time. The video 

can be reproduced, and the necessary informa-
tion is obtained just as it would be done if it were 
in real time. In figure 10, the final result is shown, 
the image on the left is the point cloud obtained 
by ORB-SLAM. Note that the points allow to appre-
ciate the general structure of the scenario, whilst 
the image on the right presents the coloured mesh 
created from this point cloud.

7.3. Orthophoto experiments and  
validation

The orthophoto was created by the module 
based on ODM from the keyframes. In some 
cases, each one of the input images has its GPS 
information. When this happens, the output file 
will also be georeferenced; meaning that the 
image will be oriented to the north of the Earth. 
One of the ways to validate this oriented ortho-
photo is using an online tool independent of 
this system: the MapBox Studio website (it can 
also be displayed in other mapping programs). 
In the site, after creating an account, go to “Start 
Building->Design in Mapbox Studio->New Style” 

Mesh construction. In the top right, the frame seeing by the camera. In the bottom right, the visual descriptors 
points of that frame are shown. To the left, we can see the coloured mesh.

Figure 9
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and select the “Satellite” style. Then add a lay-
er and upload the image “tif” (preferably the one 
named odm_orthophoto.original.tif). Then to locate 
the region where the flight took place or where the 
images came from, and you can see the orthopho-
to already mounted on the map. Figure 11 shows 
the output of the flight carried out in “La Guyana”. 

Figure 10

Figure 11

The image on the left is the orthophoto (tif file), 
whilst the image on the right displays the image 
mounted on the website. The image is geograph-
ically oriented and fits the real scale of the map on 
this web site. Similarly, the corresponding 3D mod-
el will be oriented to the geographic north of the 
Earth.

Validation of orthophoto. The output image obtained by ODM is show on the left. To the right, this output ( the geo-
referenced tif image) is mounted on a web mapping software.

3D mesh results. To the left, we show the cloud points of the terrain. To the right, the final coloured 3D mesh is shown.
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7.4. Segmentation validation

In this section, we present the accuracy of our 
model that segments an aerial image into three 
regions so that the following three metrics are 
employed: 

TP
TP +FPPrecision = –––––––

TP
TP +FNRecall = –––––––

2

Precision Recall

F ̵ Score = –––––––––––––––
–––––––– + –––––1 1

where TP (True Positive) is the number of pixels 
correctly classified according to the ground truth,2 
FP (False Positive) is the number of pixels that ac-
cording to CNN belong to one class but they really 
belong to another, and FN (False Negative) is the 
number of pixels that according to CNN do not 
belong to a class but they actually do. Therefore, 
Precision is the ratio of the correctly classified 
pixels to all classified positive pixels, Recall is the 
ratio of the correctly classified pixels to all actual 
positive pixels, and F-Score represents the balance 

2 Ground true is employed in supervised learning and defines the correct and expected 
output of the model.

between Precision and Recall. For all measures, a 
value close to 1 is better.

For segmentation zones, our model was test-
ed in seven images. In figure 12, the input image 
(width and height), its ground truth, the output 
generated by our model and the percentages for 
each zone are presented. According to the input 
image and its ground truth, agricultural region is 
not observed. Therefore metric values for the agri-
cultural zone are zero. Moreover, we can appreciate 
that our model has problems on the roadside, be-
cause it was detected as an agricultural zone.

Meanwhile, in table 2, the metric values per 
zone are presented; by the recall value, our model 
is not able to classify urban zone correctly. Finally, 
in table 3, the global evaluation of each image 
(Precision, Recall and F-Score values) are shown. 

 
Ground truth (middle) corresponding to the input image (left) and output image (right) generated by our model. 
Furthermore, the percentages for each zone in ground truth and output of our model.

Table 2 

Zone Precision Recall F-Score

Urban 0.9615 0.8184 0.8842

Vegetation 0.7595 0.8980 0.8230

Agricultural 0.0 0.0 0.0

Global 
evaluation 0.8605 0.8582 0.8536

Inputs Ground truth Output

Width 1100  Percentages Percentages

Height 733   Urban zone: 74.1184% Urban zone: 73.34%

Total pixels: 806,300  Vegetation zone: 25.8815% Vegetation zone: 25.81%

  Agricultural zone: 0.0% Agricultural zone: 0.84%

Metric values are corresponding to images of Figure 8. The last row is the average 
of each metric for all zones, named global evaluation.

Figure 12
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The first row corresponds to the global evaluation 
of  table 2. The total number of classified pixels 
was 3,173,100.

According to the metrics values, our model 
gives several false positives and false negatives, 
and as a consequence, the average of each metric 
is lowered than 0.8. To improve the performance 
of our model, we add more images to our dataset 
and employ superpixel segmentation to avoid the 
salt-pepper effect. Furthermore, one more class are 
considered, the segmentation of roads.

8. Conclusions

We presented a novel system where the user can 
carry out aerial video and image recording. Our 
proposal is based on open-source software, which 
has been adapted and extended to additionally 
enable the user to carry out the recordings in real 
time; this is during a flight mission using drones. 
For this purpose, we developed a mosaicking sys-
tem in real-time that generates key images that can 
be later processed offline for 3D model and ortho-
image generation. In the same fashion, 3D point-
based mapping can be carried out in real time 
whose output consists of a meshed point cloud 
and a set of keyframes, both useful for terrain anal-
ysis. Finally, we have also presented a system based 
on deep learning for automatic detection of zones 
of interest in aerial images captured during drone 
missions. As a whole, we expect this software to be-

Image Precision Recall F-Score

1 0.8605 0.8582 0.8536

2 0.8253 0.7602 0.7525

3 0.7917 0.7822 0.7431

4 0.7877 0.7304 0.7495

5 0.7169 0.7865 0.7426

6 0.8341 0.8821 0.7533

7 0.8622 0.8739 0.8944

Average 0.7948 0.7856 0.7642

Table 3

come as useful as the equivalent commercial soft-
ware. On the other hand, the results can help us 
quickly visualize environments without flying the 
drone more than twice in the same area.
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