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FENOTIPIFICACIÓN	AÉREA	DE	CULTIVOS	AGRÍCOLAS

1. UAVs para monitoreo agrícola
2. OMICAS: Fenotipificación
3. Procesamiento de imágenes aéreas
4. Segmentación óptima de imágenes para cálculo de biomasa: GFKUTS.
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UAVs	en	Agricultura	de	Precisión



UAVs	en	Agricultura	de	Precisión

ü Crecimiento exponencial en la 
última década

ü UAVs comerciales cada vez 
más económicos (~1500 USD)

ü Integran cámaras, LiDAR y 
alto poder de cómputo

☒ Aún hay restricciones de la 
capacidad de carga (~1Kg 
para los UAVs de bajo costo)

☒ Límites en autonomía de 
vuelo (~20min según carga)

☒ Autopilotos cada vez mejores, 
pero con falencias en 
precisión y control de altura. 
Sistemas RTK muy costosos.



UAVs	en	Agricultura	de	Precisión

Riego de pesticidas o hídrico Modelos 3D de cultivos

Modelos hiperespectrales

Smart-Farming
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UAVs	en	Agricultura	de	Precisión

Parrot bluegrass system Sequoia NIR camera



UAVs	en	Agricultura	de	Precisión
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Fenómica – Escala	suelo	y	planta	
• Mecanismos articulaciones

• cintura, elevación y hombro

• Red LoRa – WSN satélite
• Pluviómetro
• Anemómetro (vel y dir)
• Piranómetro
• Cámara de gases (CH4, N2O)
• Temperatura (suelo y 

atmósfera)
• Humedad relativa (suelo y 

atmósfera)
• NDVI - planta

• Tasa O2 planta (fotoacústica portable)

P4 Plataforma para Fenotipificación Multiescala de Alta Resolución

Avances Técnicos: 
Prototipo para Fotoacústica Portable – Medición de REO (evolución de oxígeno de la planta)
Equipo Medidor Fotoacústico Portátil de Razón de Evolución de Oxígeno

• Patente del prototipo: NC2018/0013305.
• https://noticias.uniquindio.edu.co/nueva-patente-de-modelo-de-utilidad-fue-otorgada-a-la-uniquindio/

El dispositivo está basado en la técnica fotoacústica. 
En términos generales, al recibir luz pulsada, la hoja 
se calienta, lo que produce cambios periódicos de 
presión o sonido en cercanías a su superficie, 
mientras se libera oxígeno, también periódicamente, 
por la actividad fotosintética. Esta onda sonora no es 
perceptible por el oído humano, pero eliminando el 
ruido a través de filtros y programación
computacional se obtiene una señal que permite la 
medición de la razón de evolución de oxígeno.
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Figure 6 shows a frontal view of the resulting 3D point cloud
after simulation of acquisition with the wheat virtual plant.
From this 3D reconstruction were extracted the height of the
plant, an individual stem diameter, and the distance between
stems. In Figure 7 can be seen the 3D point cloud obtained
using the maize virtual plant as the target for the simulation
process. From this 3D reconstruction were extracted the height
of the plant, the stem diameter, and leaf width. Tables I and II
show all measurements for each point cloud and the calculated
error for 1 degree and 0.5 degree steps respectively.

(a) (b)

Fig. 6: Reconstructed 3D wheat plant point cloud with 1 degree
steps: (a) frontal view, (b) frontal view using a color scale
based on altitude

(a) (b)

Fig. 7: Reconstructed 3D maize plant point cloud with 1 degree
steps: (a) frontal view, (b) frontal view using a color scale
based on altitude

TABLE I: Error determination from the simulated and virtual
point cloud measurements for the wheat plant with 1 degree
steps

Parameter Simulated [mm] Ref. value [mm] Error [%]
Resolution: 1 degree steps

A 5.00 4.00 25.00
B 47.00 42.00 11.90
C 442.00 555.00 20.36

Resolution: 0.5 degree steps
A 4.20 4.00 5.00
B 42.0 42.00 0.00
C 490.0 555.00 11.71

TABLE II: Error determination from the simulated and virtual
point cloud measurements for the maize plant with 1 degree
steps

Parameter Simulated [mm] Ref. value [mm] Error [%]
Resolution: 1 degree steps

A 411.00 417.00 1.43
B 12.00 12.50 4.00
C 15.78 18.60 15.15

Resolution: 0.5 degree steps
A 412.69 417.00 1.03
B 12.00 12.50 4.00
C 16.00 18.60 13.97

According to the results from Tables I and II, both recon-
struction processes had similar accuracy. In both Tables it is
evident that the values obtained with the point cloud from the
simulation were mostly lower than those obtained with the
virtual plant. In the same way, it is evident that the general
error decreases as the resolution of the steps on the platform
improves. A factor that might influenced the mayor error in
some results was the simulation process, which required the
use of a large number of computational resources, so it would
be affected by the performance of the equipment used.

V. CONCLUSIONS

This paper describes the development of a software tool
to simulate the 3D plant modeling process in a ROS-Gazebo
Framework. This simulation can be used as a base work
for simulating other objects and trying new reconstruction
configurations and algorithms. It can also be used to generate
artificial point clouds at different resolutions for plant pheno-
typing applications. All code from this project is free to use,
distribute, and modify.

The approach carried out, under a computer simulation
environment, brings an approximation to real scenarios in
reconstruction systems, but since there is a gap between our
knowledge and actual plant phenotyping practices, a huge
amount of information would be needed to emulate an accurate
3D plant point cloud reconstruction process. In a real situation,
plants can move due to airflows, occlusions are more common,
and lighting conditions must be managed too. So, we need
more innovative tools to help us integrate the knowledge
we have gained on plant morphology analysis during years
into plant-phenotyping practices that make us address those
problems and accelerate plant improvement programs.

Fig. 3: Schematic diagram and notations for the reconstruction
system based on rigid transformations from LiDAR raw data
to a reference point
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Rz is the rotation matrix around the Z axis, which is a
function of the radial distance �, as shown in (2).
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The resulting 3D reconstruction is a three-frame transfor-
mation based on previous matrices, as shown in (3).
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where � represents the rotated angle for the moment t = 0

with respect to the initial position. The transformation pre-
sented in (3) was applied for each movement from the initial
state to the last position. Finally, a flat file in TXT format is
created with the transformed data in a X,Y,Z structure; which
can be easily transformed to other formats such as LAS, PCD
or PLY by using additional software such as: CloudCompare,
Laspy for Python, LasTools, etc. The tool was developed in
ROS Melodic, Gazebo 9 and Python 2.7. The simulations were
executed on a computer with Intel CORE i5 7th Gen 2.5 GHz
with 8 GB of RAM, under Ubuntu 18.04 operating system.
Simulation time expend a couple of minutes according to the
maximum angle and step resolution. The simulated sensor
has the characteristics of a low-cost device, Hokuyo URG-
04LX-UG01 2D LiDAR with a scanning angle of 240° and
in 0.36° resolution steps. Laser parameters such as maximum
distance, minimum distance, opening angle and resolution can
be changed by configuring the platform.world file, in the

section of the platform model, subsection <link> camera, in
the parameter <laser sensor>.

IV. RESULTS

Figure 4 shows two open access plant models with a STL
file integrated in a SDF format [15]: a wheat plant and a
maize plant; which were used into the simulated platform.
Both plants were scanned with a resolution of 1 degree along
the 360 degrees.

(a) (b)

Fig. 4: Simulated platform in Gazebo with plants: (a) wheat
virtual plant, (b) maize virtual plant

The 3D point clouds obtained in the Gazebo simulation
environment were saved in LAS format and displayed together
with the predefined virtual plant models in the CloudCompare
software. The whole acquisition process took about 40 min-
utes. Figure 5 details the measurements done in the virtual
plants to estimate the error of three parameters in each model,
called A, B, and C, which correspond to longitudinal mea-
surements of each model. The error was calculated according
to (4), where S is the measurement made in CloudCompare
on the point cloud generated by simulation and R is the
measurement on the virtual plant, taken as reference.

(a) (b)

Fig. 5: Plant models: (a) wheat virtual plant, (b) maize virtual
plant
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Abstract—This document is a model Abstract.
Index Terms—soil moisture, WSN, kriging, styling, insert

I. INTRODUCTION

This document is a model and

II. MATERIALS AND METHODS

A. Study Area

Fig. 1. Example of a figure caption.

The test crop is located in the municipality of Monguı́-
Boyacá, Colombia (5°42’56.5”N,72°50’39”W). The region has
an average altitude of 2,900 m.a.s.l. Also an average annual
temperature of 13°C and a rainfall of 935mm. The potato crop
area is 64m2 (8m x 8m).In Fig.1, the point of origin of the
Cartesian XY plane for the crop is observed. A grid was built
within the 0.5m x 0.5m crop. Nine analog capacitive type
soil moisture sensors were used for manual measurement at

This work was partly funded by the OMICAS program: Optimización
Multiescala In-silico de Cultivos Agrı́colas Sostenibles (Infraestructura y
validación en Arroz y Caña de Azúcar), anchored at the Pontificia Universidad
Javeriana in Cali and funded within the Colombian Scientific Ecosystem
by The World Bank, the Colombian Ministry of Science, Technology and
Innovation, the Colombian Ministry of Education, the Colombian Ministry of
Industry and Tourism, and ICETEX, under grant ID: FP44842-217-2018 and
OMICAS Award ID: 792-61187.

the intersection points (289 measurement points). The average
time range for soil moisture measurement is 15 min. The
measurements were made between the 93rd and 107th day
of the year (rainy season in Colombia). For each of the spaces
in the grid, a potato seed of the variety ”Solanum Phureja”
was sown for a total of 256 plants. During the sowing period,
mineral fertilizers were applied to satisfy the nutritional needs
of the plant. The mineral is composed of phosphorus (15%),
nitrogen (15%) and potassium (15%), a mixture known as
NPK. The nitrogen content stimulates the growth of leaves
and branches, while the phosphorous stimulates the growth of
roots and flowering. Potassium is essential for the growth of
fruits, seeds, tubers.

B. Measurement equipment

To test soil moisture, 9 measurement nodes were con-
structed. Fig.2. Each one was made up of an arduino nano
microcontroller. The soil moisture sensor is analog capacitive
type, manufactured by the company DFRobot, a reference
voltage of 5V is required to perform the ADC inside the micro-
controller. The microcontroller converts the analog signals into
humidity percentages (0-100%). The humidity sensors were
calibrated according to the manufacturer’s calibration protocol.

Fig. 2. Soil moisture measurement equipment
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Fig. 7. Soil moisture measurement equipment

Fig. 8. Soil moisture measurement equipment
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Fig. 9. Soil moisture measurement equipment

these points and generate the soil moisture distribution map
of the potato crop.

III. EXPERIMENTAL SETUP

Recalling that measurements on the potato crop ”Solanum
Phureja” were made between days 93 and 107 of the year
(rainy season in Colombia). A total of 289 points referenced
in an XY plane were taken in the 64m2 crop. Fig.4.
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Fig. 4. Soil moisture measurement equipment

A. Statistical values of soil moisture.

In Table 1. You will find the mean statistical values gen-
erated from the 12 measurements that were performed in the
field.

TABLE I
STATISTICAL VALUES

Number of Average statistics of the measurements in the crop
samples z̄ � s2 C.V Zmax Zmin

289 76.75 9.2515 85.59 12.05 100 50

Taking into account the data obtained, the normal probabil-
ity distribution of the data was verified taking into account
the theoretical and empirical probability values that were
finally represented in a linearization of the data expressed by
f=0.9983X-0.005094 with R2=0.9972, SEE of 0.06646 and an
adjusted R = 0.9972, giving viability to the use of kriging as
an interpolation technique for soil moisture.Fig.5.

The histogram of the data found show that the data can also
be related by a Gaussian distribution and reflect the effect of
the rainy season in the region on the crop by maintaining large
ranges of soil moisture in the crop.

using eq.2. with the real values, the isotropic variogram
(variation in only one x-direction) is obtained, showing the
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Fig. 5. Soil moisture measurement equipment

Fig. 6. Soil moisture measurement equipment

typical soil moisture behavior of the potato crop as a function
of the distance from the points h. Fig.7.

An anisotropic variogram can also be obtained from the
collected data, which shows the behavior of moisture as a
function of the change in distance h with respect to the XY
axes of the Cartesian plane of the selected crop.

Finally, the moisture distribution map of the crop is ob-
tained. From this model, random points were taken as addi-
tional samples to check the closeness of the kriging interpo-
lation to these test points.
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Fig. 6. Result applying Natural Neighbor: a) Average January - March b) Average April - June c) Average July - September d) Average October - December

 

 
Fig. 7. Result applying Kriging: a) Average January - March b) Average April - June c) Average July - September d) Average October - December

                                               (a)                                                                                                                       (b)  

                                                     (c)                                                                                                                        (d)  
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The Fig. 8 illustrated the model that represents the 
Semivariance used to interpolate soil temperature with the 
kriging method obtained from for the measurements taken in 
the first three months of the year. 
 

 
Fig. 8. Semivariance generated from the average data for the month of 
January ± March 

 

IV. EVALUATION 
For evaluation, we use the cross-validation procedure to 

compare the performance of the different LQWHUSRODWLRQ¶V�
method based on the data set. For all points, cross-validation 
sequentially skips a point, predicts its value using the rest of 
the data, and then compares the measured and predicted 
values. 
 

For the model to provide accurate predictions, the 
standardized mean error must be close to zero, and the root 
mean-square error (RMSE) and the mean standard error must 
be as small as possible. The error in the standardized error of 
the root mean should be close to 1. 
 

TABLE  1. COMPARISON OF RESULTS FOR JANUARY - MARCH 

Month Models RMSE MRE ME 

January - 
March 

IDW 0.7003 0.18357 -0.01442 

Natural 
Neighbor 

0.8396 0.2287 0.0110 

Kriging 0.6749 0.1745 0.00618 

 

Table  2. COMPARISON OF RESULTS FOR APRIL - JUNE 

Month Models RMSE MRE ME 

April  - 
June 

IDW 0.8877 0.04128 -0.01762 

Natural 
Neighbor 

0.8931 0.04193 -0.02591 

Kriging 0.8290 0.04017 -0.01082 

 

 
 
 
 

Table  3. COMPARISON OF RESULTS FOR JULY - SEPTEMBER 

Month Models RMSE MRE ME 

July  - 
September 

IDW 1.2433 0.0509 0.00353 

Natural 
Neighbor 

1.2681 0.0532 0.02823 

Kriging 1.2107 0.0522 -0.01130 

 
 
Table  4 COMPARISON OF RESULTS FOR OCTOBER - DECEMBER 

Month Models RMSE MRE ME 

October  - 
December 

IDW 0.6935 0.1000 -0.0251 

Natural 
Neighbor 

0.6778 0.0949 -0.0008 

Kriging 0.6587 0.0929 -0.0170 

 

V. CONCLUSIONS 
According to the collected data, we can observe how the 

temperature varies depending on the season of the year, 
obtaining the highest temperature between the months of July 
to September and the lowest between January and March. 
Evaluating each method according to the value of RMSE and 
ME, a lower value is obtained for the Kriging inteporlation 
between the measured values and the calculated values, 
likewise for this method there is a ME value close to zero 
suggesting that the predictions are unbiased. As a future work 
we are proposing to validate the interpolation method with 
own temperature measurements in a rice field in Colombia. 
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1 Desarrollar algoritmos para la reconstrucción de arquitectura de planta mediante la 
fusión sensorial de láser y cámara plenóptica  

 Salida: Adquisición con la cámara plenoptica 

Grado de cumplimiento:  90 % 

La disposición de la cámara se observa en al figura No.1. Como parámetro importante de calibración 

se configura la distancia focal en 360 mm atreves de dos mecanismos: (i)  el primero es mecánico, 

mediante el diafragma de la cámara. (ii) el segundo mediante software, debe coincidir con el primero, 

y esta relacionado con la generación de imágenes plenopticas a partir de el arreglo de micro-lentes. 

 

Fig. No.1 
 

En la figura No.2 se observa como el objeto de interés, en este caso la hoja, es perfectamente 

capturado al estar en la distancia configurada en el proceso de calibración. Sin embargo , si un objeto 

entra a la escena en diferentes zonas, el procesamiento de la imagen se daña y se observa un efecto 

no deseado de los lentes sobre el objeto. Este efecto disminuye a medida que el objeto se acerca a la 

zona focal configurada en el proceso de calibración, como en este caso, la hoja perfectamente nítida. 

Nota: Esta observación va marcando la hoja de ruta del proceso de transferencia tecnológica. 

Acotando su implementación. 

 

      
 
 
En la figura No.3 se observa el modelo 3D. Aunque presenta gran detalle en zonas clave del objeto 
de interés, se presentan zonas con deficiencia de información.   
 

Nota: En este momento se están explorando opciones para mejorar estos resultados. 

 

Fig. No.3 
 
 
 
 
 

      
 
 
En la figura No.3 se observa el modelo 3D. Aunque presenta gran detalle en zonas clave del objeto 
de interés, se presentan zonas con deficiencia de información.   
 

Nota: En este momento se están explorando opciones para mejorar estos resultados. 

 

Fig. No.3 
 
 
 
 
 

Light-field PLENOPTIC Hyper resolution 4D plant modeling:

1.3 Modelos de fenotipado 4D 9

hicieron el co-registro de estas, y con la información de profundidad de cada pixel registrado

en las imágenes 2D proyectadas del LiDAR, obtuvieron nubes de puntos con información de

color.

1.3.2. Modelos de fenotipado 4D a partir de la fusión entre imágenes

RGB-D con imágenes multiespectrales

En [7], se utilizaron imágenes RGB-D provenientes de un Kinect e imágenes de la cáma-

ra hiperespectral SOC710, para hacer fusión sensorial entre estos dos sensores y obtener

parámetros bioqúımicos distribuidos de plantas. Para la fusión de información entre estos

dos sensores, primero realizaron un registro entre las imágenes RGB-D y las imágenes hi-

perespectrales, de acuerdo con los principios de la transformada de Fourier, en donde, de

acuerdo a la base de los espectros de Fourier de las imágenes, calcularon la traslación, la

matriz de rotación y los coeficientes de escala de las imágenes para ser registradas.

Una vez realizado el registro entre las imágenes, procedieron a generar una nube de puntos

3D a partir de la imagen RGB-D con la información multiespectral, y sensando las plantas

cada 90 grados, y haciendo un registro entre esas cuatro nubes de puntos, obtuvieron una

reconstrucción distribuida de los parámetros bioqúımicos de las plantas. Esta reconstrucción,

se puede observar en la Figura 1-6.

Figura 1-6.: Modelo de nube de puntos 3D multiespectral de una planta de tomate. (a)

modelo de nube de puntos 3D (profundidad); (b) modelo de nube de puntos a

451, 6nm; (c) modelo de nube de puntos a 544, 1nm. Imágenes tomadas de [7].

1.3.3. Modelos de fenotipado 4D a partir de la múltiple toma de

imágenes 2D

En [8], utilizando una cámara Canon EOS M2, tomaron 50 imágenes de muestra de una

planta de berenjenas y utilizando la metodoloǵıa de Structure from motion (SfM) [51], ob-

28 4 Diseño y Desarrollo

La base giratoria es controlada por medio de la plataforma embebida Jetson TX2, utiliza un

motor Nema 700 y un sistema de corona/engranaje.

Para controlar el posicionamiento de la base giratoria se utiliza el encoder rotatorio Ky-040,

el cual permite conocer la posición de la base en pasos de hasta 6�.

A continuación, en la Figura 4-4, se puede observar el resultado del ensamble de las partes

diseñadas para la base giratoria.

Figura 4-4.: Vista superior de la base giratoria.

4.2. Componente de fusión sensorial

En esta sección se describirá el diseño y funcionamiento de los algoritmos y métodos que

componen la componente de fusión sensorial para la plataforma de fenotipado.

Esta componente consiste en un programa de computadora que se desarrollará de tal manera

que este reciba toda la información obtenida por la componente de Hardware, la procese y

se encargue de combinarla mediante un proceso de fusión sensorial para generar un modelo

de fenotipado 4D.

Figura 4-5.: Diagrama general de la generación de los modelos de fenotipado 4D.

Modelos 4D para morfología de planta Modelos 3D (super-resolución) para análisis foliar

Fig. 3: Angular super-resolution architecture.

Fig. 4: Residual-in-Residual Dense Block implementation. Based on ESRGAN [63].

IV. RESULTS

Since the current state-of-the-art of angular super-resolution
consists of simultaneously using multiple sub-aperture images,
the performance of the proposed method is measured against
more classical interpolation techniques to upscale the angular
matrices of each spatial point of the validation light-fields.

Once super-resolved or upscaled the angular matrices, the
new sub-aperture images are synthesized in order to compare
them with the original ones via the mean peak signal-to-noise
ratio for each light-field, as depicted in Fig. 5. Moreover,
the approximate time to angular super-resolve/interpolate a
validation light-field is described in Table I. Fig. 6 shows some
angular super-resolved spatial points from the validation light-
fields.

The sub-aperture images synthesized from the angular
super-resolved spatial points of the validation light-fields, as
the originals and the angular downsampled, can be visualized
in the Google Drive folder “LF Validation” [68], likewise, its

TABLE I: Approximate time to angularly interpolate/super-
resolve a light-field.

Nearest

Neighbor
Bicubic Lanczos

Our SR

model

Time[s] 0.40 0.54 0.92 65

videos with the minimum optical flow between sub-aperture
images can be visualized in the Google Drive folder “Videos”
[69].

V. CONCLUSIONS AND FUTURE WORK

In conjunction with super-resolution techniques, light-field
technology can be the low-cost medium to acquire real-time
high-resolution information on-field of many physiological
variables, like the posture and growing of plants.

The angular super-resolution method proposed in this paper
is implemented and evaluated with a low spatial/angular res-
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