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Abstract

The present work focuses on the generation of training
data for semantic segmentation using unmanned aerial
vehicles, data acquisition was carried out, which were later
processed, cut and labeled, generating the following
results: datasets of sugar cane crops sugar for data analysis
and field decision making. Use of geographic information
system tools to increase the resolution of orthomosaics
through interpolation. Design of a multivariate linear
regression model to create a representative orthomosaic of
the blue band.

Remote sensing, DataSet, UAV, Segmentation

Resumen

El presente trabajo expone una metodologia para la
construccién de datos de entrenamiento (dataset) en
clasificadores supervisados utilizados para procesos de
segmentacion semantica. Los resultados muestran la
adquisicion de imagenes de cultivos de cafia de azlcar
obtenidas a través de vehiculos aéreos no tripulados; la
conformacion de ortomosaicos, uso de sistemas de
informacion geogréfica para aumento de resolucion por
interpolacion; el disefio de un modelo de regresion lineal
multivariable para generacion de datos sintéticos; el
etiquetado de los mismos y el recorte de ortofotos.
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Introduction

By means of remote sensing techniques it is
possible to obtain information about an object or
phenomenon without being in direct contact with
it (Lira, 2003) (Lillesand & Kiefer, 2007).
Remote sensing makes it possible to classify the
types of crops that appear in the images and
helps to know the phenological state of each crop
through spectral signatures, so it can be used to:
obtain crop surface statistics, evolution of the
areas occupied by crops, monitoring the
vegetative state of crops, management of
irrigation water and control of its application, as
well as precision agriculture (Arenas, 2016).

Remote sensing combines several
elements for its application, such as: the platform
(satellite, aircraft, or unmanned aerial vehicles
known as UAVs or drones) (INEGI, 2014); the
object to be observed (surface of the earth) and
sensors (satellite system or sensor, -camera or
video camera-) (Chuvieco, Teledeteccion
ambiental: la observacion desde el espacio,
2002).

In order to obtain quantifiable data from
remotely sensed images, it is necessary to carry
out processing that facilitates their conversion to
biologically meaningful units and indices. This
is achieved by processing and analysing the
different variables represented by the pixels
from different bands according to the sensors
that have been used (Arivazhagan, 2013) (Bock,
2010).

For example, the infrared band of the
electromagnetic spectrum has an important role
in crop monitoring, as it provides information
related to the biochemical processes of plants, so
these values are used in the calculation of
different vegetation indices such as the
Normalised Difference Vegetation Index
(NDVI) (Rueda, 2015). The analysis of these
images has been useful to detect early stages of
infections or diseases, nutrient deficiency and
crop dehydration. This implies improvements in
intervention, prevention and control of various
problems associated with crop management.
(Mahlein, 2016) (Grupta & Ibaraki, 2014).
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Two techniques are used in land cover
classification of remotely sensed images:
supervised, the user preliminarily recognises
known regions of interest in the land area, and
the chosen algorithm extrapolates these spectral
features to other regions of the image, thus
performing the classification (Castillejo-
Gonzalez, et al., 2009) and unsupervised
classification aims to group cases by their
relative spectral similarity, without field
sampling (Foody, 2002).

Supervised classifiers have shown highly
effective results in land cover classification,
especially those in the area of deep learning
(Kim, Lee, Han, Shin, & Im, 2018). Neural
networks, particularly convolutional neural
networks (CNNs) as deep learning techniques,
are an effective tool for characterising,
modelling and predicting a large number of non-
linear processes with adequate results in decision
making required in complex agricultural
problems, including: prioritising and classifying
products, pattern recognition, crop prediction
and physical changes of their products
(Figueredo-Avila & Ballesteros-Ricaurte, 2016).

One of the challenges of supervised
learning and consequently of CNN networks is
that they require a large diversity of training data
to achieve reliable accuracy levels when
classifying an image (Hu, Luo, & Wei, 2020). In
addition, data labelling is also a challenge of the
training process of a supervised classifier. For
this purpose, manual intervention, automatic or
semi-automatic labelling or synthetic data
emulating images are used (Donyavi & Asadi,
2020).

Therefore, this paper proposes a
procedure for generating a dataset of images
corresponding to sugarcane crops. It documents
the acquisition of images using a UAV and a
multispectral camera, the construction of RGB
and multispectral orthomosaics, their adjustment
to achieve a higher resolution, and the creation
of a synthetic spectral band. Additionally, a
binary labelling is proposed with the intention of
identifying only the sugarcane crop on an
orthomosaic. Finally, a cropping algorithm is
described to extract sub-images from the
orthophoto that integrate the dataset. It is
important to mention that this data will be used
as input for the training of a CNN to achieve a
semantic segmentation.
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The basic process of semantic
segmentation is to pre-process the image to
extract the spatial or spectral features that will
allow distinguishing each pixel and predict the
belonging to a specific class (Zabawa, et al.,
2020).

Metodology

Supervised classifiers exposed in machine
learning and deep learning techniques, used to
distinguish vegetation types such as: Random
Forest and Convolutional Neural Networks
respectively, require a large amount of training
data to perform the task of classifying efficiently
(Di Cicco, Potena, Grisetti , & Pretto, 2017).
Moreover, the input data should be suitable for
the pattern recognition task that is intended to be
designed, i.e., diversity, labelling, cleanliness of
the data are desirable features in the dataset
integration task (Donyavi & Asadi, 2020).

Data acquisition

The use of UAVs has had great impact on
agricultural activities, given their ability to
observe through specialised sensors details in
crops, which the human eye could not with the
naked eye (Tripicchio , Satler , Dabisias,
Ruffald, & Avizzano, 2015) (Tripicchio , Satler
, Dabisias, Ruffald, & Avizzano, 2015). Flight
plans are designed considering several factors to
ensure the successful acquisition of the images
avoiding the risk of an accident, the following
factors are considered:

- Weather conditions: sufficient light, avoid
cloudy or rainy days.

- Flying hours: morning flights, avoiding
excessive solar radiation, between 8 and
10 am.

- Photogrammetric parameters: flight height
up to 100 m, vehicle speed 10 m/s, splicing
percentage 80-85%, camera angle 90
degrees.

- Equipment calibration: both the UAV and
the multispectral camera should operate
with optimal battery and calibration levels
(Lyu, Vosselman , Xia, & Yilm, 2020).
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Processing of the acquired images

The sensor used is a Sequoia multispectral
camera from the manufacturer Parrot, figure 1,
equipped with an RGB lens and four bands: red,
green, near infrared (NIR) and red limit. The
RGB lens has a resolution of 16 Mpx and the rest
of the bands 1.2 Mpx. In addition, the sensor
performs a radiometric calibration
automatically.

Red
Near-infrared
Red-edge
RGB

Figure 1 Sequoia multispectral camera
Source: https://geoinstrumentoscol.com/product/parrot-
sequoia/

The images obtained from the sugar cane
crops are processed with Pix4D Mapper
software. RGB and Multispectral projects are
generated by applying the Ag RGB and Ag
Multispectral templates respectively. In such a
way that one RGB orthomosaic and 4
orthomosaics are created for each of the red,
green, NIR and boundary red bands (Olsson, et
al., 2021).

The spatial resolution (GSD, ground
sample distance) is an important element when it
comes to analysing the content of an image. The
height of flight and the type of sensor determine
the sharpness with which details in the image are
visualised (Lee, Son, & Kim, 2022). To improve
the resolution of orthomosaics, i.e. decrease the
GSD value, interpolation operations are
performed that decrease the pixel size without
losing information (Guarneri & Weih, 2010).

There are no ground control points
(GCP) to support the rectification of
orthoimages, therefore, coming from different
lenses, the angles and position of the images are
not equal, which causes the RGB orthomosaic
and multispectral ones to be misaligned
(Vassilopoulou, Hurni, & Dietrich, 2002).
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Therefore, the blue band of the RGB
orthomosaic cannot be used with the individual
red and green bands. However, it is possible to
generate a synthetic orthomosaic from the
information  contained in the 3-band
orthomosaic. It is observed that the relationship
between the red and green bands compared to the
blue band is linear and considering that the
images have been captured under the same
atmospheric conditions, a multivariate linear
regression model is designed to be used to create
a new orthoimage with reflectance values in the
blue band of the electromagnetic spectrum (Li,
Hua, & Lu, 2021).

Orthomosaic cropping

The constructed orthoimages are arrays of
thousands or millions of pixels that store digital
reflectance values. Operating with images of
these dimensions to train a classifier to perform
semantic segmentation is not computationally
possible. Therefore, orthomosaics are divided
into 256 Xx 256 px subimages, generating a
sufficient amount of training data for each
cropped orthoimage (Ling, Cheng, Peng, Zhai,
& Jiang, 2022).

Pixel tagging

This is one of the most challenging phases in
dataset creation, especially when working on
surface analysis and the training dataset is
oriented towards supervised classifiers. The
diversity of objects within an image and the
spectral similarity between classes makes it a
difficult task to label pixels (Lei & Peng, 2020).

In this study, a training dataset is integrated for
binary classification. For this purpose, the NIR
band is particularly valuable in the study of
vegetation cover, such as crops in this case. High
NIR values are related to the presence of
vegetation, conversely the absence of vegetation
is denoted by low NIR values (GaSparovic,
Zrinjski, Barkovi¢, & Radocaj, 2020).To label
the two classes of interest a thresholding method
is used, value one (1) corresponds to crop and
value zero (0) to any other element which can be:
barren soil, asphalt, buildings, among others
(Gao, Xiao, & Jia, 2020).
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Results
Data acquisition
A DJI Matrice 600 Pro drone was used to
perform the flight, it was equipped with a Parrot

Sequoia camera with light sensor and additional
power source, figure 2.

Figure 2 Dji Matrice 600 Pro
Source: Own elaboration

The efficiency of the batteries is 22 min
with a 100% charge considering 30% of the
energy for the end of the flight. Both the drone
and the camera were calibrated before the take-
off operation, it was confirmed that the sensors,
radio frequency and firmware were in adequate
conditions, additionally the images of the
calibration plate were captured for later
correction, see figure 3.

Figure 3 Sequoia Radiometric Calibration Plate
Source: Own elaboration

The autonomous flight was programmed
with the freely distributed Pix4D Capture
software for Android and 10S platforms, figure
4. The configurable parameters are height, 80 m;
vehicle speed 10 m/s; splice 80%. The
multispectral camera was placed at a 90 degree
angle to the ground with a capture time of 1.5s.
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Figure 4 Pix4D Capture, flight planning
Source: Own elaboration

Processing of acquired images

For the construction of the orthomosaics, Pix4D
Mapper software was used to process two
project types: RGB (figure 5) and multispectral.

Figure 5 RGB Orthomosaic
Source: Own elaboration

The latter results in orthophotos for each
of the red, green, near infrared and boundary red
bands (figure 6). The integration of each set of
orthophotos per band into an orthomosaic was
carried out with the help of the geographic
information system (GIS) QGIS.

Figure 6 Orthomosaics red, green, near-infrared and
boundary red bands
Source: Own elaboration
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The GSD value of the orthomosaics
differs by the resolution of the RGB lenses (16
Mpx) and the rest of the bands (1.2 Mp), being
2.22 and 8.81 respectively. QGIS through the
georeferencing  tool  allows  geometric
corrections based on control points, so it can be
used to decrease or increase the GSD of the
orthophoto.

Several geographic points of the RGB
orthomosaic were taken as control points to
increase the resolution of the multispectrals,
using a polynomial transformation, the nearest
neighbour algorithm for resampling and the
target resolution was set. After this processing
the dimension and resolution of the
orthomosaics is the same, width 26280 px and
height 19223 px, with a GSD value of 2.22
cm/px, see figure 7.

i R RN

Figure 7 Orthomosaic processing in QGIS
Source: Own elaboration

Since the RTK equipment is not available
to generate control points and thus obtain
aligned RGB and multispectral orthomosaics, a
synthetic blue-band orthomosaic was created to
complement the red and green sensor of the
Sequoia camera. A Multiple Linear Regression
model was designed, given the linearity of the
blue spectrum compared to the red and green, as
shown in figure 8.

100 120 140 160 180 200 20
Banda Verde

ldG 12'1] IA(] lEII] 1é0 EUI(]
Banda Rojo

Figure 8 RGB orthomosaic scatter diagram
Source: Own elaboration
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The model was trained with the RGB
orthomosaic data, as it is created under the same
climatic and temporal conditions as the
individual red and green orthomosaics of the
Sequoia camera. The model recorded the
following result parameters:

- Value of slopes or coefficients "a™
[0.82965658 0.30154856]

- Value of intersection or coefficient "b":
2.984854941495797

Value of the intersection or coefficient "b":
2.984854941495797

- Model accuracy: 0.974906969683250053

In this way, the model is applied by taking
as input the red and green (individual) pixels and
predicts the value corresponding to the blue
pixel, creating an orthomosaic synthetically, see
figure 9.

0 5000 10000 15000 20000 25000

Figure 9 Blue band synthetic orthomosaic
Source: Own elaboration

Cutting out orthomosaics

Orthomosaics of sugar cane crops are extremely
large images in the order of millions of pixels
(26280 x 19223). Supervised learning in the
training phase requires computationally
processable inputs due to the number of
operations performed during training. A
program was designed in Python 3.8.8 using the
Anaconda platform and the Jupyter NoteBook
tool, whose objective is to extract sub-images
with dimensions of 256 x 256 px that function as
inputs to a supervised classifier. The algorithm
works as a window that slides from the left
margin of the orthoimage to the right boundary
and from the top to the bottom, see figure 10.
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Figure 10 Operation of the trimming algorithm
Source: Own elaboration

Pixel tagging

To generate the binary images of the sugar cane
crops that the classifier uses to adjust the
learning model, the cropped NIR orthomosaic
was taken. The segmentation method
implemented is thresholding, i.e., it is required
to determine a value that works as a point of
comparison, those values less than zero and
those greater than 1.

The Otsu method was applied to
determine the threshold in each sub-image, so
that 7650 threshold values were obtained. The
frequency graph (histogram) shows that from
value 80 onwards the highest frequencies
appear, which belong to the vegetation, mostly
to the sugar cane crop, as can be seen in figure
11.

100

20 1
D T T — II I.I‘I

o 20 40 &0 80 100 120 140

Figure 11 Histogram of thresholds NIR images
Source: Own elaboration

The result of binarisation with a
threshold of 80 is effective, higher values
(whites) represent vegetation while zero values
identify other bodies in the image, see figure 12.
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Figure 12 Binarised NIR orthomosaic
Source: Own elaboration

However, human intervention is
necessary to edit the binary image. Although the
NIR differentiates the vegetation from the rest of
the image bodies, the image must show only the
sugar cane. For this reason, pixels that do not
represent the crop are removed using digital
editing software, as shown in figure 13.

12500
15000

17500

0 5000 10000 15000 20000 25000

Figure 13 Binarised NIR orthomosaic, edited
Source: Own elaboration

Subsequently, it was processed with the
clipping algorithm, like the rest of the
orthomosaics. Images with binary labels are
considered as part of the dataset and can be used
to train convolutional neural networks dedicated
to semantic segmentation.

Discussion of the results

It would be advisable to generate RTK control
points in the photogrammetric flights to assist in
the processing of the images and thus create
rectified and aligned orthomosaics.
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The multivariate linear regression model
designed is suitable only for one flight, i.e. the
model needs to be retrained with each RGB
orthophoto to create the missing synthetic blue
band, as atmospheric conditions change. The
Otsu thresholding method does not effectively
distinguish the other vegetation class and the
crop, given their spectral similarity in the NIR
band, other segmentation methods should be
implemented to have better results.

Future work

Work is to be done on the multi-labelling of the
images, considering 5 classes: null images,
barren soil, asphalt, other vegetation and sugar
cane cultivation.

The constructed dataset will be used for
semantic segmentation tasks using convolutional
neural networks. The objective with the binary
training data is to identify the sugar cane crop in
an orthomosaic. By having images with several
labelled classes, the segmentation result would
be a function of the number of classes.

Conclusions

The training dataset consists of 7650 images of
sugar cane crops per lens of the Segouia
multispectral camera, plus an individual
synthetic blue band. The described procedure for
dataset construction can be replicated for crops
other than sugar cane, or be used to generate new
data for other semantic segmentation purposes.
Remote sensing and data science provide a
technology framework applicable to farm
management, sustainability and sustainability of
agriculture are two of the most important aspects
of farmers' decision making. The most relevant
contributions of this project are:

- Making sugar cane crop datasets available
for field data analysis and decision
making.

- The use of geographic information system
tools to increase the resolution of
orthomosaics through interpolation.

- The design of a multivariate linear
regression model to create a representative
orthomosaic of the blue band.
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