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ABSTRACT

This research study compares the performance of different digital image processing algorithms based
on computer vision segmentation methods to process satellite multispectral images of Normalized
Difference Vegetation Index (NDVI) to estimate agricultural cropland yield as a proposal for supporting
spatial planning decisions. NDVI multispectral images were collected from Sentinel-2 L2-A satellite
with distinctive features to be processed through these algorithms implemented in an owned and friendly
software interface developed in MATLAB App Designer. These are based on image color detection, using
three techniques: rectangular thresholding method, simple thresholding method, and segmentation through
Mahalanobis discriminant classifier. The segmented images were used to estimate cropland yields as a
function of NDVI variations and the characteristics of each analyzed image, employing a linear model
that assigned a yield to each segmented area as a function of a specific NDVI range. Algorithm accuracy
was determined as a function of expected cropland yield. Results show that the rectangular thresholding
method tends to average cropland yield value in slightly non-uniform images. In contrast, thresholding by
pixel and Mahalanobis methods performed better on highly non-uniform NDVI images, with deviations
less than 8% compared with the expected cropland yield. The rectangular thresholding method could
be a more straightforward tool regarding computational cost since, e.g., the demarcation of rectangular
areas is easier in any cultivated area, facilitating the implementation of spatial support plans for farmers.
The proposal is to use the rectangular thresholding method as a planning tool, as the other methods may
be used for more accurate estimations.
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RESUMEN

Este estudio de investigacion muestra una comparacion entre el rendimiento de diferentes algoritmos de
procesamiento de imdgenes digitales basados en métodos de segmentacion de imagenes para procesar
imdgenes multiespectrales satelitales de Indice de Vegetacion de Diferencia Normalizada NDVI con el
fin de estimar el rendimiento de las tierras de cultivo como una propuesta para apoyar las decisiones
de planificacion espacial. Las imdgenes multiespectrales NDVI fueron capturadas del satélite Sentinel-2
L2-A con caracteristicas distintivas, para ser procesadas a través de estos algoritmos implementados en
una interfaz de software propia y amigable desarrollada en MATLAB App Designer. Estos se basan en
la deteccion del color de la imagen, utilizando tres técnicas: el método de umbralizacion rectangular, el
método de umbralizacion simple y la segmentacion mediante el clasificador discriminante Mahalanobis.
Las imdgenes segmentadas se utilizaron para calcular el rendimiento de las tierras de cultivo en funcion
de las variaciones del NDVI y las caracteristicas de cada imagen analizada mediante un modelo lineal
que asignaba un rendimiento a cada drea segmentada en funcion de rangos de valores NDVI. La precision
del algoritmo se determino en funcion del rendimiento esperado de las tierras de cultivo. Los resultados
muestran que el método de umbralizacion rectangular tiende a promediar el valor del rendimiento de
las tierras de cultivo en imdgenes poco uniformes. En cambio, los métodos de umbralizacion por pixel y
Mahalanobis mostraron un mejor rendimiento en imdgenes NDVI muy poco uniformes, con desviaciones
inferiores al 8% en comparacion con el rendimiento esperado. Se puede concluir que el método de
umbralizacion rectangular podria ser una herramienta de menor costo computacional, aunado al hecho
de que la demarcacion de dreas rectangulares es mds fdcil para delimitar e identificar para un agricultor
en cualquier drea cultivada real, facilitando la implementacion de planes de apoyo para planificacion
espacial. Se propone utilizar el método de umbralizacion rectangular como herramienta de planificacion,
mientras los demds métodos pueden utilizarse para realizar estimaciones mds precisas.

Palabras clave: Umbralizacion, clasificador discriminante Mahalanobis, deteccion de color, indice de
vegetacion de diferencia normalizada (NDVI), procesamiento de imdgenes, agricultura de precision,
vision por ordenador, segmentacion basada en pixeles, segmentacion basada en regiones.

INTRODUCTION correlation will allow further implementation of

intelligent technologies based on recent artificial

Image processing and computer vision techniques
have an enormous potential to be used as tools
to estimate agricultural cropland yield based on
temporal and spatial tracking, contributing to
improving Precision Agriculture Systems [1] via
crop data analysis, e.g., vegetation indexes coming
from images of multispectral cameras. These
data can correlate with agriculture variables like
biomass, crop yield, plant leaf, fruit diseases, soil
state, and others [2]-[4]. Image processing and
computer vision techniques have been improved
because they can be considered a starting point
to estimate, predict, and later assess agriculture
variables through feature extraction, as shown in
this research study. The spectral and spatial analysis
for classifying patterns contained on multispectral
images of normalized difference vegetation index
(NDVI) here correlates with cropland yield. An
adequate assessment through classification and

intelligence techniques such as machine learning,
deep learning, and semantic segmentation applied
to agriculture [6].

Consequently, the performance of Precision
Agriculture Systems could be strengthened through
adaption to various complex situations, supporting
management decisions according to the estimated
variability of agriculture variables and needs of
farmers. This approach is in agreement with the
current definition of Precision Agriculture: “a
management strategy that collects, processes, and
analyzes temporal, spatial and individual data and
combines them with other information to support
management decisions according to the estimated
variability, and thus improves efficiency in the use
of resources, productivity, quality, profitability and
sustainability of agricultural production”; therefore,
an adequate correlation among data, assessment,
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and needs of farmers would increase success of
end-users and other stakeholders to ensure effective
co-production [6]. Regarding management decisions
from analysis and monitoring of processed NDVI
images, methods to systematize and improve
efficiency in using NDVI image-based resources
seeking to increase agricultural productivity have
been recently tackled [3], [5], [7], [8]-[14]. NDVI
images can correlate spectral and spatial digital
information with the practical interest variables of
usefulness in Precision Agriculture.

This paper compares the performance of different
algorithms based on image processing segmentation-
based computer vision techniques applied to
Normalized Difference Vegetation Index (NDVI)
multispectral images considered a trace of plant
health [2]-[4]. NDVI images can be collected
by satellites, uncrewed aerial vehicles (UAV), or
drones [5] [6]. In this work, multispectral images
were collected from Sentinel-2 L2-A satellite and
segmented using an owned and friendly software
interface developed in MATLAB App Designer to
estimate agricultural cropland yield as a proposal
for supporting such as determining irrigation areas,
differential application of agrochemicals, crop status
monitoring, water resource management decision;
thus, promoting the planning and management of
agricultural resources through monitoring crop
growth assessment, disease prevention, quality
tests, and harvest automation.

Segmented NDVI images were used to compute
cropland yield depending on NDVI variations by
intervals through a linear model that allocated
a throughput to each segmented area depending
on a specific NDVI range. Algorithms are based
on image color detection, using three techniques:
rectangular thresholding method that is a region-based
segmentation, simple thresholding method that is a
pixel-based segmentation, and segmentation through
the method based on Mahalanobis discriminant
classifier [11] [15]. The main challenge is that
this proposed spectral and spatial method can be
adapted, for instance, using other multispectral or
hyperspectral images from cameras mounted on
drones or any UAV. Similarly, these data sets can
be easily interpreted for this method to be used by
small and large farms as a decision-making tool to
solve farmers’ needs. Finally, algorithm accuracy was
determined as a function of the expected cropland

yield proposed as a linear mathematical model.
Results show that the rectangular thresholding method
tends to average cropland yield value in slightly
non-uniform images. In contrast, thresholding by
pixel and Mahalanobis methods performed better
on highly non-uniform NDVI images. These last
are more accurate with deviations less than 8%
compared with expected cropland yield; however,
the first one: the rectangular thresholding method,
could be a better, more precise tool since e.g., the
boundary of rectangles is easier for farmers in any
cultivated area, facilitating to implement spatial
support plans targeted to maximize cropland yield in
an actual crop. The proposal is to use the rectangular
thresholding method as a planning tool and the
others as methods for a more accurate estimation.

MATERIALS AND METHODS

Owned software: Interfaces and operation
Figure 1 shows the software interfaces implemented
in MATLAB App Designer to efficiently run up all
the processes, step by step, to obtain any analysis
and results described in this work. This software
is called “DRIoT: Multispectral Image Processing
for Precision Agriculture” (see Supplementary
Material) and is an unpublished version of an image
processing software targeted to support Precision
Agriculture Systems. This software possesses an
interface to upload images (Figure 1a), to later run
algorithms such as the rectangular thresholding
method, which is a region-based segmentation,
simple thresholding method that is a pixel-based
segmentation, and segmentation through the process
based on Mahalanobis discriminant classifier [11]
- [15] (Figure 1b up to Figure 1d). Furthermore,
DRIoT software has other interfaces to run algorithms
based on the “k- means” clustering method and
Hough transform to detect shapes, borders, lines,
and transition zone.

First, Figure 1a shows an interface to upload by the
clicking of buttons: LOAD BAND 04 and LOAD
BAND 08 at least two spectral images previously
saved as .jpg or.png files in the computer that come
from different sensors (an intensity detector at spectral
range in a camera) that capture the reflectance (R)
to a specific wavelength. The software works on
two bands but can be extended to as many bands as
possible. In this interface, the images were collected
from the Sentinel-2 L2-A satellite that operates in
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Figure 1. The DRIoT software interfaces developed in
MATLAB App Designer use separate interfaces to
run image processing algorithms. a) Interface to
load images. b) Interface to process images using
a simple thresholding segmentation method. c)
Interface to process images using the rectangular
thresholding segmentation method d) Interface
to process images method based on Mahalanobis
discriminant classifier.
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many bands centered at determined wavelengths.
The images used here were collected at two optical
bands: Band 04 centered at 650 nm (red) and Band
08 at 850 nm (near-infrared well-known as NIR), as
shown on the left side of Figure 1a. As from these
two images, the NDVI multispectral image was
obtained for applying pixel by pixel in each image
band the equation (1), using the reflectance values
at NIR (Ry;z) and Red (R, ):

)]

as shown on the right side of Figure 1a after clicking
on NDVI MEASUREMENT button. This interface
was provided with other functionalities, such as
cutting images and histograms, to analyze image
uniformity. Figure 1a shows images in each band
(two bands) of 500 x 500 pixels and NDVI image of
500 x 500 pixels. Images were previously processed
from bigger images through the cutting algorithm
to reduce X and Y sizes.

Algorithm segmentation and yield linear model
proposed

Once the NDVI (dimensionless value) multispectral
image is obtained, this is processed using the three
algorithms mentioned above (See mathematical
descriptions and their algorithms in Appendix A).
For this, Figure 1b shows a second interface to
process the NDVI multispectral images using the
rectangular thresholding segmentation method, in
which segmented areas are denoted by a square (see
the blue square in Figure 1b. Similarly, Figure 1c
shows a third interface to process NDVI multispectral
images using the simple thresholding segmentation
method. Finally, Figure 1d shows an interface to
process NDVI multispectral images based on the
method of the Mahalanobis discriminant classifier
(NDVI segmented images in Appendix B).

Interfaces shown in Figure 1b to Figure 1d are
provided with a panel to show estimated cropland
yield once the NDVI multispectral image is processed
using the segmentation algorithms. A spectral and
spatial linear model relating NDVI and spatial
distribution of cropland yield is proposed in this
research work to estimate yield over the whole
NDVIimage [3]. To estimate the yield in the entire
NDVI image, a spectral and spatial linear model
that relates the NDVI and the spatial distribution of

cropland yield are proposed in this research work
[3]. In this, NDVI variations on each processed
image through the segmentation algorithms are
modeled through a linear equation that allocates a
throughput to each segmented area depending on
a specific NDVI range or interval. As the NDVI
values are related to plant health, and therefore
implicitly with the yield; then, NVDI values near
or less than 0.5 would represent a low yield, and it
will be a high yield if NDVI is approaching 1. Based
on this hypothesis, each segmented area yield will
be assigned using these yield values or “weight”
as shown in Table 1:

Table 1. Yield assigned depending on NDVT interval
detected on each segmented area.

NDVI interval Yield assigned (%)
0-0.2 20%
0.21-0.4 40%
0.41-0.6 60%
0.61-0.8 80%
0.81-1 100%

Linear equation can be expressed as:

%Y = NDVI (i, j)(O_Ol) (20)+NDVI(i, j)(ozl_w)

(40)+ NDVI(i.) g 41_0.6) (60)+ NDVI (i.) 610 )

2
(80)+ NDVI(i.) 5 5,.,) (100) @

NDVI (i) = NDVI (-, j)

where NDVI(i, j) (0-0.2) represents the segmented
pixels on the image with NDVI values between 0 to
0.2, NDVI (i, j) (0.21-0.4) represents the segmented
pixels on the same image with NDVI values between
0.21 to 0.4, NDVI (j, j) (0.41-0.6) represents the
segmented pixels on the image with NDVI values
between 0.41 to 0.6, NDVI (i, j) (0.61-0.8) represents
the segmented pixels on the image with NDVI
values between 0.61 to 0.8, and NDVI (i, j) (0.81-1)
represents the segmented pixels on the image with
NDVI values between 0.81 to 1. NDVI (i,:) and
NDVI (:,j) are the NDVI values in rows and columns
where NDVI (i,:)*NDVI (:,)) is the area of the entire
image in terms of pixel numbers. 20, 40, 60, 80,
and 100 are the linear coefficients that represent the
yield assigned to each segmented pixel or area. %Y
is the yield estimated in the entire image, computed
using this weighted sum of equation (2) applied after
segmentation. In this proposed model to estimate
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cropland yield in the entire NDVI image, the yield
assigned (see the second column in Table 1) can be
modified according to spatial planning decisions and
desired or expected outcomes, depending on other
environments or external conditions. Monitoring yield
values, for instance, based on a time series or other
spectral images at different wavelengths, can be used
for decision support such as determining irrigation
areas, differential application of agrochemicals,
crop status monitoring, water resource management
decision, disease prevention, quality tests, and harvest
automation.

RESULTS

Productivity estimation using slightly non-
uniform images

As the first step, a performance test of the linear
model was made. For this, six NDVI multispectral
images (Figure 2) were chosen with specific features
to test the performance of segmentation algorithms

1 3,
i i 1 o
5 B :i"*""

and the linear yield models. These NDVI images
are classified as highly uniform by analyzing their
histogram. In an ideal framework, images with all
red (NDVI around 0.2), yellow (NDVI approximately
0.6), or green (NDVI around 1) content should come
in yield expected values at about 20%, 60%, or 100%,
according to Table 1 and color bars from Figure 1a,
after running any of three segmentation algorithms.
The main goal of using these slightly uniform images
with slight non-uniformity is to test the sensitivity
to minor variations of NDVI on the image, which
can be observed as pixels with a slight deviation
from the desired principal value either, red, yellow,
or green. Thus, these images are considered mainly
red, yellow, or green, but only partially.

Yield computed in the entire NDVI images is shown
in Table 2.

By using these kinds of images with quasi-uniform
NDVI distribution, the rectangular thresholding

e)

Figure 2. NDVI Images to test the yield linear model performance and its
dependency with NDVI distribution in slightly non-uniform. a)
Image with a resolution of 50 m/pixel with high red content. b) Image
with a 40 m/pixel resolution with high red content. c) Image with a
resolution of 40 m/pixel with high yellow content. d) Image with a
40 m/pixel resolution with high yellow content. e) Image with a 40 m/
pixel resolution with high green content. f) Image with a 40 m/pixel
resolution with high green content.
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Table 2. Values of estimated yield using the proposed linear model, the three segmentation
methods by using slightly non-uniform images of Figure 2.

Figure/Yield (%) | Rectangular thresholding | Simple thresholding | Mahalanobis
Figure 2a 20 21.4 22
Figure 2b 20.20 27.75 28.11
Figure 2¢ 60 59.25 66.49
Figure 2d 60.71 62.21 63.61
Figure 2e 99.9 91.95 97.95
Figure 2f 99.51 90.18 98.7

segmentation method (region-based segmentation)
averages NDVI values that approximate the main pixel’s
value of the image with NDVI value corresponding to
red (0.2), yellow (0.6), and green (1), and its previously
assigned yield value as red (20%), yellow (60%) and
green (100%). In contrast, the simple thresholding
segmentation method (pixel-based segmentation) and
the method of Mahalanobis discriminant classifier
compute productivity values slightly near the average
but with deviations of up to a maximum of 10%
compared with expected values of red (20%), yellow
(60%), and green (100%), in this case, is evident the
effect of introducing non-uniformity in the images
in the computing of yields. The single threshold
segmentation method and the Mahalanobis discriminant
classifier method were found to be very sensitive to
non-uniformity in the NDVI images to calculate the
yield values more accurately.

Productivity estimation using highly non-uniform
images

As the second step, a linear model performance test
was made. In this case, three NDVI multispectral

b)

images (Figure 3) were chosen to test the performance
of segmentation algorithms and the linear yield
models. The images are highly non-uniform to
apply a segmentation algorithm and estimate the
percentage productivity.

Yields computed for the entire image are shown
in Table 3. As shown in the previous section, the
rectangular thresholding method tends to average
the NDVI values approximating the main pixel’s
value of the image with NDVI value corresponding
to green (yield of 80%) and yellow (yield of 60%).
Regarding these values (80% for Image 7,80% for
Image 8, and 60% for Image 9), the maximum error
is approximately 4% compared with the expected
main pixel’s value. The simple thresholding and
Mahalanobis methods exhibit differences with
minor deviations of up to 8% concerning values
obtained by the rectangular thresholding method.
In this case, the effect of introducing highly non-
uniformity on the images is more evident. Therefore,
as previously discussed, the simple thresholding
and the Mahalanobis discriminant classifier are

Figure 3. NDVI Images to test the performance productivity of the linear model
and its dependency with NDVI distribution in highly non-uniform
images a) Image with a 50m/pixel resolution. b) Image with a 40m/
pixel resolution. c) Image with a 40m/pixel resolution.
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Table 3. Values of estimated yield using the proposed linear model, the three segmentation
methods using non-uniform images from Figure 3.

Figure/Yield (%) | Rectangular thresholding | Simple thresholding | Mahalanobis
Figure 3a 79.79 71.10 71.32
Figure 3b 77.01 81.74 87.78
Figure 3c 60 60.28 64.51

more suitable for segmenting and calculating the
yields in a complete image, showing more similar
values and higher accuracy.

DISCUSSION

The results show how segmented images can be
used to estimate cropland yield depending on NDVI
value distribution on images by applying a linear
model and assuming they represent the digital
record of any crop biomass in the entire image.
Linear coefficients and even other models can be
adapted depending on planning decisions and prior
knowledge of agronomists, local policies, desired
or expected yield, or other variables involved in
cropland planning [25]. The method implemented
in this software is expected to be employed to
analyze the crop through the data obtained using the
segmented image; it could also be easily interpreted
and used by small and large farms as a decision-
making instrument to solve their needs. Future
research can be addressed to use the potentiality
to complete information of the time, spatial and
spectral information of other kinds of visible RGB,
multispectral hyperspectral images to distinguish,
for instance, soil, vegetation, fruit, crops, and other
features; based on data for further processing towards
the retrieval of conclusive information.

Several other segmentation techniques, such
as semantic segmentation, other classification
techniques such as k-means, or any other machine
learning and deep learning method, can be adapted
to analyze images as a digital representation of crops
involving all variables [26-28].Considering that
these images represent crop biomass, these results
show that the rectangular thresholding method
tends to average cropland yield value in slightly
non-uniform images. In contrast, thresholding by
the pixel and Mahalanobis discriminant classifier
methods showed better performance on highly

non-uniform NDVI images. These last are more
accurate with deviations less than 8% compared
with expected cropland yield. Nonetheless, the first
one: the rectangular thresholding method, could be
a simpler tool to use in the planning process since,
e.g., the differentiation of rectangles is easier in any
cultivated area, facilitating to use these results to
be implemented as spatial support plans targeted
to maximize cropland yield in an actual crop.
Following these results, the proposal is that these
methods should be combined as a decision-making
tool, where the rectangular thresholding method
could be used as a planning tool, and the others
as methods for a more accurate estimation of the
cropland yield.

CONCLUSIONS

This research study presented a method for estimating
yield using a linear model depending on the NVDI
and its distribution on the image detected by
segmentation algorithms. Three algorithms based
on rectangular thresholding, simple thresholding,
and the Mahalanobis discriminant classifier methods
are implemented using a friendly and own software
developed in MATLAB App Designer. The results
indicate that these segmentation methods can be
used to estimate farmland yields to implement a
precision farming system consistent with farmers’
needs. The simple thresholding and Mahalanobis
methods are more accurate; however, thresholding
by areas can be simpler to implement as a tool for
planning decisions. This method can be extended
with other multispectral images independent of
the resolution.
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APPENDIX A

Mathematical basis of segmentation methods

Segmentation refers to the process of partitioning
a digital image into multiple segments with similar
features by assigning a “label” to every pixel so
that pixels with the same label share particular
visual common characteristics. Image segmentation
results in a set of labeled segments that collectively
shape the entire image. Each pixel in a region is
similar concerning some characteristic or computed
property, such as color, intensity, or even texture.
One of the ways to recognize interest objects is
made by segmentation methods to find suitable
local features that can be distinguished from other
objects and the background, checking each pixel
to see whether it belongs to an object of interest or
not. Segmentation methods are used to characterize
the health of cultivated areas through NDVI values.
This Appendix shows the mathematical basis of
segmentation methods used here: pixel-based
segmentation (A1), Region-based segmentation
(A2), and Mahalanobis discriminant classifier (A3).

Al. Pixel-based segmentation:

Pixel-based segmentation is the simplest approach
used for segmentation. This method separates the
image pixels according to a threshold value into
two categories defined by a specific value. Pixel-
based segmentation method can be mathematically
modeled by a thresholding function 7 defined as:

T =T[x.y.p(x.y).f (x.y)] (A1)

where x and y are the coordinates of the pixel in image

1, fix,y) is the pixel feature (color, intensity, or texture) at
these coordinates, p(x,y) represents some local property
of the point for discrimination. From these parameters,
a function g (x, y) is defined by the equation:

0 sif(x,y)>T

8lvy)= Lsif(x,y)sT

(A2)

and, it is assigned O value if pixels correspond to the
desired object and 1 otherwise. This mathematical
model was implemented in MATLAB to analyze the
images by this method. The image is transformed
into black and white, then the desired threshold
values are defined to find the segmented areas. A
part of the code can be observed here:
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limiteinf = app.Limiteinf. Value;
limitesup = app.Limitesup. Value;
14 = imbinarize (I, limitesup);
I5 = imbinarize (I, limiteinf);
16 = not (14);
17 = and (16, 15);

where 14 to 17 are the thresholds values of segment
the images.

A2. Region-based segmentation

This method focuses on an essential aspect of the
segmentation process where there could be missed
pixels belonging to an object that cannot be detected
with pixel-based techniques. Thus, if the image is
highly non-uniform, many pixels can be classified as
an object pixel judging solely on their gray or color
value, independently from the context, i.e., it cannot
be identified as a part of an object. Isolated points
or small areas could be classified as object pixels.
The features do not represent isolated pixels but a
small neighborhood belonging to an object. This
problem can be solved by iteratively using a procedure
in which feature computation and segmentation
are alternately performed using interval values or
means values that characterize the desired object
considering the neighborhood of the object to limit
the object edges depending on the location of the
center pixel. For better results, feature analysis and
segmentation can be repeated until the procedure
converges to a stable or desired outcome based on
the previously assigned mean value. These concepts
described here were implemented in MATLAB. The
image is transformed into black and white, defined
to find the segmented areas through a thresholding
value to compute a mean of the segmented image.
Part of the code can be observed here:

12 = imbinarize(imagen5, adaptive’, Sensitivity’,0.5);
Tumbral = bwlabel(I12);
a = max(max(Iumbral));
a2=0;
promedios] = [];
maxmin = [];
for etiqueta = 1:a
[k, 1] = find (Iumbral == etiqueta);
m=1;n=0;
xmin = min (k); ymin = min (1);
xmax = max (k); ymax = max (1);
X = Xmax-xmin+1; y = ymax-ymin + 1;
Irecup = imagen5 (xmin:xmax,ymin:ymax); %I
if(size (Irecup) > 30)
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a2 =a2+1;

Isegmentl{a2} = Irecup;

prom = mean (mean (Irecup));
promedios] = [promedios] prom];
maxp = max (max (Irecup));

minp = min (min (Irecup));
maxmin(1,a2) = maxp;
maxmin(2,a2) = minp;

A3. Mahalanobis discriminant classifier
Covariance is a statistical measurement that
indicates how strong the correlation between 2 or
more random variables is. For a set of 2 or more
random variables, a covariance matrix is used and
is defined as:

sz/ = cov(x,"xj) = E kN=1 (Xik _)_Ci)l\(]xh _)_Cj) (A3)

V;;is the matrix input (i, j). For an RGB image, a set
of three random variables are built (R, G, and B), the
covariance matrix will be the following relationships:

Table Al. Covariance matrix relationships for an

RGB image.
i/j R G B
R cov (R, R) cov (R, G) cov (R, B)
G cov (G, R) cov (G, G) cov (G, B)
B cov (B, R) cov (B, G) cov (B, B)

The Mahalanobis discriminant classifier is based
on correlations among variables with different
patterns that can be identified and analyzed. It allows
calculating the distance between a weighted reference
color and its variance of each image component
array (i.e., RGB or CMYK for commonly used
images). It is an applicable method to determine the
similarity of an unknown set of samples to a known
one. It differs from the Euclidean distance in that
it considers the correlations between the data set:

D=\/(x—y)TC_l(x—y) (A4)
C! is the non-singular covariance matrix and (x—y)”
is the transpose of the data; the Malahanobis distance
is equal to Euclidean distance if the matrix C is
equal to an identity matrix. In this distance, the
image coordinates with the desired color value are
selected to perform the color segmentation, thus

taking the three RGB color components. Then the
mathematical formula is applied, creating a new
matrix with the result of the segmented image. A
part of the implemented code in MATLAB is:

x = app.coordenadaX.Value;

y = app.coordenaday.Value;

colormediol = [IM (y,x,1); IM (y,x,2); IM (y,x,3)];
MC=[100;010;001];

MCi = inv MC);

IM2 =1M;
for f = 1:nf
forc = 1:nc

z = [IM (f,c,1); IM (f,c,2); IM (f,c,3)];
a = colormediol;
z = double(z)/255;
a = double(a)/255;
d2 = (z-a)’ *MCi*(z-a);
if d2 > 0.08
IM2 (f,c,:) =[000];
end
end

APPENDIX B

NDVI Segmented images

Some examples of NDVI segmented images of
Figure 2 and Figure 3 used in this work are shown
in Figure B1. Figure B1 from a) to e) (a, b, ¢, d, and
e) shows the segmented images of Figure 3b using
the pixel-based segmentation method. Each part of
the segmented image is represented as a black-and-
white image according to the NDVT interval values.
Figure Blais the segmented image with NDVI values
in the interval from O to 0.2 depicted as white pixels,
and black pixels are the background or the part of
the images with values that are not inside of the
NDVlI interval. Figure B1b is the segmented image
with NDVI values from 0,21 to 0.4 in the interval.
Figure Blc is the segmented image with NDVI
values from 0.41 to 0.6 the interval. Figure B1d is
the segmented image with NDVI values from 0.61
to 0.8 in the interval. Figure Ble is the segmented
image with NDVI values in the interval from 0.81 to
1. Figure B1 from f) toj) (f, g, h, i, and j) shows five
of all segmented images (63 in total) of Figure 2b
using the region-based segmentation method. Each
part of the segmented image is depicted in the original
color NDVI scale. With this method, each segmented
region is enclosed by a square with the NDVI mean
value of the segmented region. Figure B1 from k) to

11
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0) (k, 1, m, n, and o) shows the segmented images of
Figure 3a using the Mahalanobis segmentation method.
Each part of the segmented image is depicted as a
color image with a vino background that does not
correspond to the NDVTI interval values. Figure B1k
is the segmented image with NDVI values in the
interval from O to 0.2, and pixels different from the
background are part of the segmented image depicted

e)

in the original color NDVI scale. Figure B1l is the
segmented image with NDVI values from 0,21 to 0.4
in the interval. Figure B1m is the segmented image
with NDVI values from 0.41 to 0.6 in the interval.
Figure Bln is the segmented image with NDVI
values from 0.61 to 0.8 in the interval. Figure Blo
is the segmented image with NDVI values from (.81
to 1 in the interval.

i) o)

Figure B1. Some examples of NDVI segmented images. Figures from a) to e) are the 5 five segmented
images using the pixel-based segmentation method. a) NDVI from 0 to 0.2, b) NDVI from 0.21
to 0.4, ¢) NDVI from 0.41 to 0.6, d) NDVI from 0.61 to 0.8, ¢) NDVI from 0.8 to 1. Figures
from f) to j) are the five 5 of all 63 segmented images corresponding to NDVI values of the
images. Figures k) to o) are the 5 five segmented images by the Mahalanobis segmentation
method. k) NDVI from 0 to 0.2, 1) NDVI from 0.21 to 0.4, m) NDVI from 0.41 to 0.6, n)
NDVI from 0.61 to 0.8, o) NDVI from 0.8 to 1. Other segmented images are not presented
here by simplicity, and they are used to compute the proposed linear productivity model.
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