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Abstract—In Colombia up to 40% of yield variability is due
to the effects of climate variations. Rapid phenotyping methods
are needed to properly assess the crop and improve production
rates. In this paper, we propose to focus on developing a noninvasive system for speeding up monitoring tasks in rice crops.
Unmanned Aerial Vehicles are used to gather multispectral
visual information for high-throughput crop monitoring. Georeferenced digital surface models of the crop are generated based
on image mosaicing techniques to allow for the autonomous
computation of several vegetative indices. This paper presents the
implemented system (hardware and software) and a field report
of experiments carried out at different crop growth stages.

I. I NTRODUCTION
Unmanned Aerial Vehicles (UAVs) are the new technological step for crop monitoring. They enable the acquisition
of crop images in high resolution compared to the ones
traditionally captured by satellites. Additionally, UAVs are
able to obtain several information of the state of the crop
autonomously by using a wide range of sensors onboard, such
as, RGB, multispectral or thermal cameras, Lidars, DGPS,
among others.
UAVs have helped to cover different problems in agriculture, e.g., crop parcels detection [1], fruit detection [2],
crop variable measurement [3], [4], crop yield improvement
[5], and crop mapping [6], [7]. In Colombia, most farmers
are currently aware about the potential of using UAVs for
improving crop yield performance [8], [9], however, most of
the UAV-based solutions are developed overseas, constraining
the rapid adoption of these technologies mostly for small
farmers [10], [11].
In this paper, we propose the integration of a low-cost
system using UAVs equipped with RGB-NIR cameras with
computing methods for acquiring high-resolution and georeferenced images of the crop. Our goal is twofold: (i) creating
a digital surface model of the crop by means of image
mosaicing methods, and (ii) computing vegetative indices from
the assembled crop map to estimate several crop variables,
such as: biomass, nitrogen content or water stress. This paper
primarily focuses on the former: methods for mapping rice
crops to enable farmers to carry out comprehensive analysis
of the crop biomass.
Regarding the aerial mapping of crops, in [12], a Phantom
2 UAV with a high-resolution RGB multispectral camera

(Micasense) was used to detect sheath blight fungus disease
of rice. The Pix4D software was used to create geo-referenced
2D map and 3D models of the terrain and to calculate different
vegetation index, such as NDVI. Others [13], [14], have
explored the use of UAVs for rice nitrogen status estimation
or chlorophyll quantification [15] using hyperspectral sensors.
A common point of the above mentioned approaches is that
all agree on the potential benefits of using UAVs to improve
the agricultural sector. However, there is no evidence that those
approaches can be generalized to different types of farming
methods and scaled to all stages of the crop. Attempting to
develop an unique method for crop analysis and phenotyping
that can be applied to all crop growing stages is a major
challenge, since most of the physical and morphological characteristics of the plants can dramatically change along time.
Additionally, most solutions rely on expensive commercial
software to estimate the state of the crop, difficulting smallfarmers of integrating rapid phenotyping technology.
Moreover, a proposal of a complete system (hardware and
software) for crop monitoring is also missing in the state of
the art. Whether the crop analysis is conducted off-line, the
results are highly-dependent on the type of hardware used in
the tests. In this sense, our proposed system shows hardware
and software that can deal with all the stages required for monitoring rice crops and without relying on commercial software.
The paper is organized as follows: SectionII describes the
challenges of monitoring rice crops using UAVs and imagebased data. Section III presents the proposed hardware and
software system. Section IV presents a field report of the
flights that were conducted, whereas conclusions and direction
of future work are presented in Section V.
II. P ROBLEM S TATEMENT
In Colombia, 51% of the total area is planted in upland
than lowland production system. Preliminary data for 2017
indicates that this trend increased to 53% However, in terms of
the number of cropping seasons per year, there is much more
in lowland than upland conditions. The difference between
both crop system methods is the source and the availability of
water. In lowland farming, a permanent lamina of water stays
during all the cropping season, whereas in upland farming the
rice is irrigated with rainwater. In this paper, we have applied
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(a) Upland rice crop system

representative stages of the crop: vegetative, reproductive, and
ripening stages. In the vegetative stage occurs the development
of tillers, the number of leaves increase, as well as the height
of the plant. In this stage, the green color is predominant
(see Figs. 2(a) and 2(d)). In the reproductive stage, panicle
formation starts and thus yellow features appear in the images
(see Figs. 2(b) and 2(e)). Finally, in the ripening stage, the
flowering, the grain filling, and the maturation of the plant
occur. In this stage, the yellow color is predominant and the
parcel can barely be distinguished from panicles, grains and
senescent leaves predominates (see Figs. 2(a) and 2(d)).
In Fig.2 is possible to observe that as long as the plant
grows, it turns more difficult using RGB images to separate
the parcels for distinguishing between plants and background.
Therefore, general assumptions about the color, size of the
plant and the color of the soil will not always work. Considering all mentioned restrictions, the system presented in this
paper is conceived as an effort to automate the monitoring of
rice crops using a non-destructive method.
III. P ROPOSED S YSTEM

(b) Lowland rice crop system
Fig. 1. Production systems: lowland (transplanting) and ipland (direct
seeding).

and tested our proposed mapping tool for both type of crop
systems. Figure 1 depicts the crop scenarios.
Typical methods to monitor rice crops are based on destructive sampling (samples of the plant are manually harvested
to the ground level and taken to the laboratory to analyze
its state). To avoid this, non-invasive image-based methods
have recently emerged in the past years. In this sense, UAV
platforms with on-board visual sensing capabilities can play
an important role for facilitating a high-throughput monitoring
of the entire crop.
Developing a UAV-based system for measuring the status of
these two types of crop systems presents multiple challenges.
The UAV platform requires enough autonomy to cover the crop
area, sufficient storage capacity to capture high-resolution data,
and low-weight sensors onboard. Additionally, the integration
of the aforementioned features requires an interplay between
hardware and software to ensure the reliability of the data
and a seamless experience for the end-user. In addition, the
challenge of measuring and analyzing both crop systems at
the same time aimed at determine phenotyping algorithms that
can be applied no matter the conditions.
In terms of image analysis, as was shown in SectionI,
computer vision techniques have been widely applied for crop
analysis. Nevertheless, the analysis of the image data of rice
crops presents important challenges. The data is captured
outdoors from a flying system. Therefore, motion can create
blurred images; and weather conditions can affect the quality
of the data (sunny, cloudy), especially in lowland crops, where
water reflectance can change the appearance of the image.
Another important factor is the appearance of the plant
as it grows. Fig.2 shows how the features change in three

Figure 3 shows the architecture of the developed system. It
is divided into four modules:
• Module 1: Hardware for multispectral sensing
• Module 2: Flight planning
• Module 3: Multispectral image processing for georeference map construction
• Module 4: Multispectral image processing for crop state
estimation
A. Hardware for multispectral sensing
Two different UAVs have been integrated and tested in the
proposed system: The ASCTEC Pelican and the ASCTEC
Hummingbird (see Fig. 3). The ASCTEC Pelican is equipped
with a Mastermind board (for image processing and data
acquisition); the ASCTEC autopilot; and the Tetracam ADCLite multispectral camera. This camera captures visible light
wavelengths longer than 520nm and near-infrared (NIR) wavelengths up to 920nm. The multispectral camera is located in
the bottom of the drone and aligned with the center of mass.
On the other hand, the ASCTEC Hummingbird was
equipped with the the ASCTEC autopilot and the Parrot
Sequoia multispectral camera. This camera comes with 4
different sensor to capture image in different wavelengths: red,
green, NIR and Red-Edge.
B. Flight Planning
The ASCTEC UAVs come with GPS way point navigation
capacity. A standard computer is used as ground station to run
the Graphical User Interface that comes with the ASCTEC autopilots. This interface allows to control the UAV (autonomous
take-off and landing; and waypoint navigation) and provides
information about the state of the UAV.
An additional module was created for planning the image
capture process [16]. The developed software creates a GPS
grid with the coordinates of the places where the images
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(a) Upland vegetative stage - no panicles, only (b) Upland reproductive stage - the reproductive
leaves are observed.
stage ends with the flowering. A few panicles
should be observed.

(d) Lowland vegetative stage

(e) Lowland reproductive stage

(c) Upland ripening stage

(f) Lowland ripening stage

Fig. 2. Changes in appearance as the plant grows. In the upland and lowland methods to grow rice, the appearance of the plant changes between stages. In
the vegetative stage, Figs. 2(a) and 2(d) the green color is predominant. In reproductive stage, Figs. 2(b) and 2(e), panicle formation starts and yellow features
appear, but parcels can still be differentiated. In ripening stage, the yellow color is predominant, and parcels can not be distinguished.

Fig. 3. System architecture

must be captured to ensure: the coverage of the terrain, the
appropriate image resolution, and enough overlapped between
images for generating a mosaic.
The photo planner algorithm was presented in [16]. It is
based on geometric parameters, such as the camera intrinsic
parameters, the work area, and the height of the drone. This
information is used to generate the cartesian points. In this
model it is assumed that the grid evolves from the lower right
corner and moves to the left corner, and from the bottom of
the area to the top. Therefore, the estimation of the cartesian
grid points are based on Eq. 1. In this equation, px and py
correspond to the overlap in the x and y axes of the work

area, u and v are the width and height seen by the camera in
meters, yi−1 and xi−1 are the previous calculated positions,
and yi and xi the new estimated positions on the plane. This
model is iterative, that means that in every iteration create a
new position based on the calculated before. Also is important
to note that in the code every odd column must be flipped in
order to get a continuous path.

  
xi−1 + u(−1 + px )
xi
=
(1)
yi
yi−1 + v(−1 + py )
The photo planning algorithm includes a feature that allows
to estimate the altitude to fly hU AV , based on the camera’s
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b = atan2(sin(∆θ) cos(φ2 ), cos(φ1 )cos(φ2 )cos(δφ))

(a) Overlap of 60%

(b) Overlap 10%

Fig. 4. Grids generated by the photo planning algorithms with different
percentages of overlap. The images correspond to the flights conducted in
Villavicencio zone (upland rice crop). The flight area was 100m×200m, the
UAV’s height was 12m, and the camera FOV was 48.50 × 61.90. Fig. 4(a)
shows the grid generated when the percentage of overlap was 60% in both
directions. Fig. 4(b) the percentage of overlap was the 10%.

field of view in each axis (θ = {θx , θy }) and the desired image
resolution dcam , as shown in Eq. 2.
θ T · dcam
(2)
2
where dcam , corresponds to the image size in pixels,
multiplied by the desired resolution in meters per pixel.
Figure 4 shows some of the grids for the flight trials in
Villavicencio. The image on the left corresponds to the grid
created when an overlapped of 60% is used. The one on the
right corresponds to an overlap of 10%.
When the cartesian grid is calculated, then the global
coordinates of those points must be estimated. Equations 3
and 4 were used to make that conversion.
hU AV =

φf = arcsin((sin(φ0 ) cos(δ))+
(cos(φ0 ) sin(δ) cos(θ))

θf = θ0 + atan2(sin(b) sin(δ) cos(φ0 ),
cos(δ) − (sin(φ0 ) sin(φf )))

(5)

C. Multispectral image processing for geo-reference map construction
For creating the image mosaic and geo-referencing the images, the metadata embedded in the images must be extracted.
When the images are capture with the ADC-lite camera
(shown in Fig. 3), the metadata is extracted from the log
file generated by the drone. However, with the Parrot Sequoia
camera, the images contain two different elements that have
to be handled. The first is the exiv tag that contains: the
original raw name of the image and the GPS coordinates where
the image was taken. The second element corresponds to the
xmp tag that contains: the irradiance sensor measurements;
the orientation of the sunshine sensor, at the moment of the
shot; and the extrinsic and intrinsic parameters (orientation of
the camera when the photo was taken, and K matrix), and
the focal length in mm of the four cameras (red, green, near
infrared and red edge).
The library used to extract the information from the Sequoia
was the exiv2 [17]. When all the metadata is extracted from
the images, a ∗.csv file is generated with all the information.
1) Image mosaic: After the images are ordered, the process
of constructing the image mosaic begins. Figure 5 describes
the different stages of the algorithm required for registering
two images.

(3)

(4)

Where φ0 and θ0 are the latitude and longitude of the
first point (known global coordinates); φf and θf are the
estimated latitude and longitude of the final point, given
the bearing (b) and the angular distance δ. Knowing that
δ = T raveled_distance
Earth_radius . This process is iterative, because each
new global point is calculated based on the distance between
the grid points and the initial value of bearing.
The defined bearing is very important because it gives the
global direction of the grid. To be more punctual, when the
bearing is 0, the calculated global coordinate is going to point
to the north pole in a perfect line; and when the bearing is 90,
the estimated points are going to be parallel to the equator line.
However, depending on the part of the earth where you are
the direction could change. The bearing of a zone is calculated
using the Eq. 5, for this estimation two more coordinates are
required. This two new coordinates could be related to the top
and bottom of the crop area.

Fig. 5. Flow diagram of the algorithm used to create the mosaics of rice
crops.

The first stage is the feature extractor. Features are extracted
in both images (the reference image I(i−1) , and the current
image I(i) ). For this application two different algorithms were
implemented (SURF [18] and the ORB [19] ), in order to test
which algorithm provides better results for the application, in
terms of execution time and quality of the generated mosaic
(which is the best descriptor of rice crops).

5

The second stage is the feature matching. The FLANN (Fast
Library for Approximate Nearest Neighbors) algorithm [20]
was implemented and used to match features between I(i−1)
and I(i) . The algorithm returns possible feature matches which
are filtered by the euclidean distance, only matches with a
distance < 1.5, are considered.
Once, there are more than four well-matched points. The
RANSAC (Random Sample Consensus) algorithm [21], [22],
is used for estimating the homography H, which transforms
points in image I(i) to the coordinate frame of image I(i−1) .
Once another image arrives, e.g. I(i+1) , the previously mentioned process is repeated, but this time between images I(i)
and I(i+1) .
Therefore, for every pair of images, a homography H is
estimated. Thus, consecutive homographies are concatenated
to allow the transformation of the current image into the
coordinate frame of the first image.
2) Geo-referencing: The process of geo-referencing refers
to relate a global coordinate system to each pixel of an
image. This will allow to conduct distance measurements
on the image and navigation at global scale. To generate
a geo-reference image it is important to define the type of
transformation to use, and to properly select the control points.
They should not be aligned and must be scattered along the
work area, to get a better relation between the real world
coordinates and the pixels that represent them.
To select the transformation, there are five widely used
transformations. The affine transformation, related to a polynomial of 1st order, requires the used of minimum 3 known
global coordinates in the image to solve the system. This
homogeneous transformation allows to preserve straight lines.
In general affine transformation is used for general needs
(translations, scale, and rotations). However, if the plane of
the image must be adjusted to a more complicated plane that
contain curves, polynomials of 2nd or bigger orders, must be
used [23].
In this paper, an affine transformation is used. We are
working on flat terrains, and because the distance between
crops is less than a kilometer, it is possible to assume that the
coordinates change linearly and there is not need to reexpress
the coordinates in a more complex plane.
The process for geo-referencing the image consists in measuring 3 or more global coordinates and apply two linear
equations shown in Eq. 6. These equations have as unknown
elements the variables A, B, C, D, E, and F ; which correspond to the nine elements of the affine transformation [23]. A
and E are the width and height of each pixel in map units, B
and D are the rotation components, and C and F represent the
latitude and longitude of upper left pixel of the image [23].
x and y represent the pixel coordinates of a control point.
To get this unknown variables, three or more ground control
points (GCPs) are needed. This GPCs are used to complete
the system of equations shown in Eq. 7. Where v is a column
vector of 6 × 1 that represents the latitudes and longitudes
of the real world, M is a matrix of 6 × 6 that contains the
pixel coordinates of the map, and u is a vector of 6 × 1
that contains the nine elements of the affine transformation.
Therefore, u = M−1 v.

  

φ
Ax + By + C
=
λ
Dx + Ey + F

(6)

v = Mu

(7)

Once the affine transformation is known, Eq. 6 can be used
to estimate the latitude π and longitude λ related to a pixel
coordinate (x, y).
D. Multispectral image processing for crop state estimation
The crop state estimation is related to the measurement of
the stress in the plant caused by low water levels, high levels
of pH in the soil, saline soils, plague, little sun radiation,
among others. In this project, we propose the measurement
of biomass, nitrogen levels, and water stress, as variables that
allows to know the crop state, and let us know how it evolves
over time.
The approach used to measure the biomass is to calculate
from the multi-spectral images, different vegetation indices:
SR (Simple Ratio), NDVI (Normalized difference vegetation),
GNDVI (Green Normalized Difference Vegetation Index),
CTVI, SAVI (Soil Adjusted Vegetation Index), DVI ( Difference Vegetation Index), and MSAVI (Modified Soil-adjusted
Vegetation Index). Then, with the reflectance values of the
indices; and with the Ground Truth data, obtained from the
harvested areas, a multi-variable regression is conducted to
calculate the constants. With them, a model that let us estimate
the biomass from the image data, is created.
IV. R ESULTS
A. Experimental Setup
In the course of 2017, 24 flights were conducted. The
flights were carried out in two rice farms of the Center
of International Agriculture -CIAT that have two different
methods of growing rice: lowland (flooded rice paddies), and
upland (dry soils). Measurements from the crop were obtained,
in both farms, during three stages of rice growth: vegetative,
reproductive, and ripening.
Figure 6 shows the trajectory followed by the UAV in one
of the flights conducted in Villavicencio.

Fig. 6. UAV path followed during Villavicencio’s tests. The multispectral
view of one segment of the crop is shown.

After the flights, the metadata of each picture was extracted,
and vegetative indices of each image and the RGB mosaic
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Villavicencio

Work Area

Cali
Cali

Work Area

(a) Vegetative stage, Villavicencio

Fig. 7. Place of the Experiments. The flights were carried out in two rice farms
of the Center of International Agriculture -CIAT. Villavicencio, Meta, at the
research center of CIAT in Santa Rosa (upland, dry soils wroth method) and
Palmira, Cali in the principal farm of CIAT (lowland, flooded rice paddies).

were generated. The different components of the algorithm
were tested using a laptop with an I7 intel processor, 32GB
of RAM, GPU, and N V IDIA980GT X. The algorithms are
based on ROS and OpenCV libraries.
1) Villavicencio, Meta (upland): The first experiments of
the year were carried out in Villavicencio, Meta, at the research
center of CIAT in Santa Rosa. Images of two types of rice:
IR64 and LINE23, in vegetative, reproductive, and ripening
stages, were taken. Examples of the images can be seen in
Fig. 2, first row. Per stage, two flights were conducted in the
morning, and two in the afternoon.
The covered area was ≈ 100 m2 . The first flight of every
pair was conducted at 12 m height, and the second at 15 m.
The days of the tests were sunny days, with few clouds, and
soft winds. Figure 7 shows the work area, and Fig. 6 shows
the trajectory followed by the UAV in one of the flights.
After capturing images of the crop, measurements of the
crop were manually obtained. A lineal meter of the crop,
previously marked by their GPS coordinates, is harvested to
the ground level and taken to the laboratory to extract the
rice matter to obtain the water content, the chlorophyll level,
and the nitrogen level of the plant. This data is used as
Ground Truth for testing the crop state estimation algorithms
developed in the project (which are out of the scope of this
paper).
2) Palmira, Cali (lowland): The final flights of the year
were carried out in Palmira, Cali in the principal farm of
CIAT. The flights were were conducted over a plot with
water bed growth method (lowland). Images of two types
of rice production system: IR64 and LINE23, in vegetative,
reproductive, and ripening stages, were taken. Examples of the
images captured in these tests can be seen in Fig. 2, second
row.
Per stage, three flights were conducted in the morning, and
three in the afternoon. The covered area was ≈ 80 m2 . The
first flight in every stage, was at 12 m height, and the other
five flights were at 15 m. The days of the tests were sunny
days, with few clouds, and strong winds. The map of the work
area can be see it in figure 7.
As with the flights conducted in Villavicencio, measure-

(b) Ripening stage, Villavicencio
Fig. 8. Image Mosaics from Upland Crop, Villavicencio. The mosaics
correspond to images captured in flights conducted at different stages of the
crop (vegetative and ripening). White circles in the image represent the areas
of the crop were ground truth data was gathered (manual harvested samples
sent to laboratory analysis).

DATA

OF THE

TABLE I
M OSAICS FOR U PLAND

SURF
ORB

SURF
ORB

CROP,

Vegetative stage
Time (seg)
# of Images
8.6501
5
7.1308
5
Ripening stage
Time (seg)
# of Images
9.3703
4
9.1220
4

V ILLAVICENCIO

% Overlap
70
70
% Overlap
80
80

ments of the crop were manually obtained and taken to the
laboratory, to obtain ground truth data of the state of the plant.
B. Image Mosaic
The mosaic were generated for lowland and upland growing
methods using the ORB and SURF feature extractors. Fig. 8
shows the mosaic of the flights conducted in Villavicencio
zone. These mosaics correspond to two of the stages of the
crop (vegetative and ripening). White circles in the image
represent the areas of the crop were ground truth data was
gathered (manual harvested samples were sent to a laboratory
for analysis).
Table I compares the results of generating the mosaics using
two different methods of feature extraction (SURF and ORB).
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C. Vegetation Indices
Vegetation indices are extracted from the images captured in
the flights. Figure IV-C shows different indices calculated from
representatives images of the flights conducted in Villavicencio
and Palmira that correspond to different stages of the crop
(Villavicencio, ripening stage; and Palmira, vegetative stage).
The following vegetation indices were estimated NDVI,
GNDVI, DVI, TVI, MSAVI. In Fig. 10(a) and Fig. 10(b), it can
be seen that the appearance of the crop is black. Which means
that the leaves had a low level of reflectance. This is related
to the chlorophyll level that each plant has. In the ripening
stage, this value is low. Conversely, in Figs. 10(f) and 10(g),
the appearance of the crop is brighter. This is due to the high
level of chlorophyll in their leaves, typical in the vegetative
stage.
Therefore, with the different vegetative indices, it is possible
to obtain information about the changes of the crop over time.
On the other hand, Fig. 11 shows a multispectral mosaic
where different vegetation indices were calculated. Table III
shows their values.

(a) Vegetative stage, Palmira

(b) Ripening stage, Palmira
Fig. 9. Image Mosaics from Lowland Crop, Palmira. The mosaics correspond
to images captured in flights conducted at the vegetative and ripening stages
of the crop.

TABLE II
DATA OF THE M OSAICS FOR L OWLAND C ROP, PALMIRA

SURF
ORB

SURF
ORB

Vegetative stage
Time (seg)
# of Images
9.2101
7
8.9660
7
Ripening stage
Time (seg)
# of Images
13.9224
10
13.0016
10

% Overlap
80
80
% Overlap
70
70

Fig. 11. Multi-spectral mosaic for crop analysis. The image correspond to
one the flights conducted in Villavicencio, during the vegetative stage of the
crop.

TABLE III
V EGETATION INDICES FROM THE MULTI - SPECTRAL MOSAIC OF F IG . 11
Index

SR

NDVI GNDVI

TVI

CTVI

SAVI

DVI

MSAVI

Value 3.7972 0.1128 0.2873 −13.6882 0.6222 −0.995 −0.0804 0.1832

On the other hand, Fig. 9 shows the mosaics of the flights
conducted in Palmira, Cali. The mosaics correspond to the
vegetative and ripening stages of the crop. Table II compares
the results of generating those mosaics using the SURF and
ORB feature extraction methods.
In general terms both algorithms for feature extraction
(SURF and ORB) behaves similarly. There is not difference
on the quality of the mosaics that were generated with them.
In terms of execution time, from the tables, it is possible to
see that ORB has a better performance than SURF. Nevertheless, the small difference in time is not relevant for the the
application presented in this paper. Therefore, both algorithms
could be use for generating mosaics of rice crops.

D. Geo-referencing
Fig. 12 shows a geo-referenced mosaic of the crop in
Palmira Cali. For generating and testing the geo-referencing
algorithm, ten manually measured GPS points are used. These
points are shown in the figure (red points). Points 2, 6 and 10
were used as ground control points (GCP) for estimating the
affine model. With that model, the geo-referenced mosaic was
created.
To test the result, points 1, 3, 4, 5, 7, 8, and 9, corresponding
to some of the vertices of each plot, were used as ground truth
data (GT). The coordinates of these points was compared to
the one provided by the geo-referencing algorithm. Table IV
shows the comparison.
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(a) NDVI, Villavicencio (b) GNDVI, Villavicencio

(f) NDVI, Palmira

(g) GNDVI, Palmira

(c) DVI, Villavicencio

(d) TVI, Villavicencio

(e) MSAVI, Villavicencio

(h) DVI, Palmira

(i) TVI, Palmira

(j) MSAVI, Palmira

Fig. 10. Vegetation indices extracted from representatives images of the flights conducted in Villavicencio (ripening stage) and Palmira (vegetative stage). In
Figs. 10(a) and 10(b), leaves had low level of reflectance. This is because in ripening stage, chlorophyll levels are low. Figs. 10(f) and 10(g) higher levels of
reflectance. This is because in vegetative stage, chlorophyll levels are high.

TABLE V
C OMPARISON OF DISTANCES BETWEEN COORDINATES
PT01 to PT10
PT01 to PT02

Measured (m) Estimated (m) Error(m)
10.0
7.068
2.932
8.0
5.474
2.526

V. C ONCLUSION AND FUTURE WORK

Fig. 12. Geo-referenced mosaic of the crop in Palmira Cali. Red points
represent 10 manually measured GPS points. Points 2, 6 and 10 are used as
ground control points (GCP) for estimating the affine model. The other points
are used as confirmation points.

Additionally, the distance between points was measured
using the model of the haversine formula. Table V compares
the distances obtained with the GT points with the ones
estimated by the geo-referencing algorithm. It is important to
mention that the measurements were done with a normal GPS.

TABLE IV
C OMPARISON OF GPS COORDINATES
Measured (◦ )
Estimated (◦ )
Error (m)
PT1 3.501200N 76.365972W 3.501209386N 76.3659659W 1.136
PT3 3.501217N 76.352006W 3.501216530N 76.35202171W 1.744
PT4 3.501156N 76.365864W 3.501150499N 76.36587214W 1.091
PT5 3.501158N 76.365858W 3.501147421N 76.36586375W 1.338
PT7 3.501139N 76.365931W 3.501138220N 76.36593916W 0.9098
PT8 3.501197N 76.365975W 3.501193306N 76.36596545W 1.140
PT9 3.501230N 76.365915W 3.501245341N 76.36591338W 1.715

We have presented results from different flight trials conducted in Colombia with the objective of acquiring visual
information of the state of rice crops with two different
methods of growth (upland and lowland). Image were captured
at different stages of the crop in order to gather enough
information to analyze the viability of estimating the state of
rice crop with those images. Additionally, ground truth data
was obtained directly from the crop.
In this paper, we presented the system (software and hardware) created for obtaining the above mentioned information.
Additionally, we have shown results of the different modules.
Currently, the developed system allows to generate the trajectory of the UAV, to ensure the acquisition of the required image
data during the flight (ensuring an overlap between images).
With the acquired data, the system generates a geo-referenced
mosaic of the crop; and calculates different vegetation indices
which can provide information about the state of the crop.
Current work is focused on analyzing the acquired information for estimating nitrogen levels and water status of the
crop.
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