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ABSTRACT

The leaf analysis in a crop can present the neednaftrient determined in the plant. The macroeats
deficiency in the cotton crop can be identifieddpgcific type of colors variation by leaves imadgeatly
identification of macronutrients deficiency canghét the growing suitable of the crop and reducee uke

of agricultural inputs. This study investigates timage

segmentation of the cotton leaves with aafiry of

the phosphor. The segmentation is performed bemdiffce of leaf pigmentation, according with theqrat
related to macronutrient type in deficit and théticate. The image segmentation is made by anicstif
neural network and the Otsu method. The resultes Sadisfactory values with an optimized artificiegural
network and better than the Otsu method. The esul presented by images and distinct parameters o

quality analysis in the segmentation.

Keywords: Image Segmentation, Artificial Neural Network, Otdethod, Precision Agriculture, Cotton

1. INTRODUCTION

Precision Agriculture (PA) aims improve the
agricultural production system with use of new
technologies, for increase the productivity, redaosts

and minimize the environment degradation. For an

efficient management of the crop is necessary th
monitoring suitable of the essentials resourcegladats,
without leave occur the lack or overload of nuttgen
Techniques to infer the variations spatial and temlin
the crop can determined the insertion of the necgss
resources in each plantation area. Furthermoreallin
production system can be reduced the use of agriall
inputs, as fertilizers and pesticides.

Plantation monitoring for PA is performed of
various forms, nowadays the use of images is ia.ris
The cheap costs in the acquisition of digitals caase
are encouragement in use
monitoring can use different sensors and defingion

for images acquisition, generally related to color
models, resolution and distance.

The main diversity in the images acquisitions are
defined according with: The colors models: Red,e@re
Blue (RGB), Hue, Saturation, Intensity (HSI), imadge
cgray scale and histogram; the resolution type: i8pat
with matrix MxN of pixels, hyper-spectral and

multispectral with infrared; and the distances are
associates with region size to be monitored, fange,
orbital, air and land.

Analysis of orbital images, by satellite, are more
popular among researchers by wide coverage of megio
in applications like the cultures recognition,
determination degraded areas and soil analysis.
Nonetheless, images acquisitions are made in aateld
time interval, usually in weeks or months. Land ad

its technology. Thisimagery oversee a smaller region, but in real-tiffiee

monitoring is more specific with a smaller regidiis is
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usually directed to analysis of the color variatiand The section 2 presents the materials and methods

leaves forms for identify nutrients deficiency (Land  used in the work and system developed in sectidrha.

Pattey, 2010), weeds (Burgos-Artizetial., 2011) and  results achieved in the system are presented in the

diseases (Cugt al., 2010). section 4, by several quality parameters analyzed o
The difficulty and delay in the monitoring can image segmentation and discussion in the sectidiné.

prejudice the management of culture. The finals considerations of the work are in the Secfo

adjournment of the nutrients identification makesye

the emergence of diseases and retard in the plant 2. MATERIALSAND METHODS

development. The nutrients deficiencies in the aiott

crop, as in others crops, can be identified by icolo 5 1 Experiments

variation symptoms in the leaves. The recognitién o

nutrients deficiencies by leaves bring a noninvalsiv The experiment analyzed is 2012/13 harvest and was

form of identify and apply proper fertilizer rates. the last year of the harvest with begins in 2009/10
Most methods are related with measures chlorophyllExperimental station is located in Itiquira-MT, Bila(-

content for nutrients analysis (Moghaddatral., 2011) 17° 5’ 52.03", -54° 45’ 34.55"). This station befpihe

or “greenness” (Pagolet al., 2009), usually measure by Fundagdo MT (FMT) that providing the informationdan

reflectance (Pacumbaba and Beyl, 2011). The Adific images of the crop. The soil is a latosol red dystic

Neural Network (ANN) is often used like method @dVes  and very clayey (with 65% of clay) in all experinen

analysis in various situations. Moghaddetral. (2011) the In the set of tests in experiment with the cotton

sugar-beet crop and compared with SPAD chlorophyll jyacronutrients, Nitrogen (N) e Phosphorus (P).dgin
meter. Fu and Chi (2006) the authors proposingliets was vary between doses of 0, 20, 45 and 70 Khdwad
classification based in the refined segmentatiothefleaf the phosphorus in 0, 50, 100 Kg haf P205. The

veins used ANN.

The use of ANN for image processing is popular in
others areas like medical, showing the ANN robsstrie .
several applications. The Fuzzy Edge Detection andanalyzed. The cotton crop analyzed is FMT 709,

. Laboratory analysis of the experiment can be rdlate
Segmentation (FEDS) and Fast Hartley Transform OFHT to color and deficiencies observed in the cott@avés.

were implemented for features extracting in . . .
Sriramakrishnan and Shanmugam (2012). The ANN useér he treatment application without macronutrient P
presents results of deficiencies in the cottonsle@he

these features to training and test of the alguorithith i : , )
classification accuracy of 93.2%. Baranidharan Ghosh ~ Selected images were with more high degree of &gver

(2012) was proposed to implement a novel Neuralviit analyzed, i.e., without phosphorus fertilizatim@tment
algorithm to improve the classification accuracyriadical ~ humber 1, 2 and 3 inTable 1. Macronutrient P

experiment correspond in 36 variations, in 9 typés
treatments with 4 samples in each 4 different tdock

image retrieval with good resullts. deficiency presented in its leaves the pigmentation
Image processing and ANN based in classifiers havePurple. .
been studied extensively in PA. But the monitoring The least values of P were acquired these treatment

smaller region is few explored by researchers andbetween all analyzed itself with nitrogen applioatiof
segmentation is inexistent. In this study is made t 20 and 70 Kg ha. Values are defined in the “very low”
monitoring in leaves individual for posterior inase of ~ range with 1.4, 1.45 and 1.65. The others treatsnarg

the analysis region. Thus, with a bigger analysia ¢ above of 1.7 and near of the “low” range. The

identify early the nutrient deficiency in the crop. recommended for cotton in soils above of 65% chy i
In this study, we develop an ANN Multilayer 4.1to 6.0 (Carvalho and Ferreira, 2006).
Perceptron (MLP) with goal of identify the existenaf The cases with deficiencies have values considered

nutrient deficiency in the cotton. The ANN functids “very low”, but the treatments in the “low” rangeea
the deficiency segmentation by pigmentation vasiath near the 2.0 and not present deficiencies of migie
the leaf with base in colors images acquire bythe leaves. Th&able 1 shows the results of the full
conventional digital camera. Two methods distine a laboratory analysis in all treatments with the ieuts
compared, ANN and Otsu method, for show the follow: Nitrogen (N), Phosphorus (P), Potassium,(K)
efficiency of the ANN for image segmentation. Calcium (Ca), Manganese (Mg) e Sulfur (S).
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Table 1. Results of the laboratory analysis for cotton crop

Treatment Results of the laboratory analysis

Ne N P N P K Ca Mg S

1 0 0 26.95 1.65 6.7 34.40 6.60 2.80
2 20 0 26.60 1.45 6.1 31.65 5.90 3.10
3 70 0 27.30 1.40 7.8 25.50 5.35 3.65
4 20 50 29.75 1.90 6.4 55.05 6.75 2.85
5 45 50 29.75 1.95 6.0 43.05 6.80 3.40
6 70 50 31.15 1.75 6.7 29.90 6.00 3.25
7 0 100 26.60 1.70 6.8 48.45 6.30 2.65
8 20 100 27.30 1.70 6.6 36.45 6.25 2.70
9 70 100 31.50 1.80 7.7 30.10 6.15 3.25
2.2. ANN and Imagery 2.3. ANN System

In the two methods ANN and Otsu have the same ANN was defined with backpropagation learning
inputs images. In all images were removed thealgorithm and supervised training in all experinsent
background (soil) with graph editor. These imagesew  ANN application can be parameterized in various
used as new samples for the ANN training. All imlge aspects, the mains are: Amount layers, neuronfien t
were trained in the ANN according its respective hidden and out layers, quantity and data typesfes,
segmented image by graph editor. ANN was trained inlearning rate, constant momentum, activation fumcti
all stages with white (255) in the background and type and stopping criterion.
segmented area in black or with gray level scaé tiee Several trainings were performed for determine
0. Otsu method uses a gray image for results apalys suitable parameters to ANN targeting a more
with phosphorus deficiency different of the ANN, mo  optimized structure. Furthermore, the amount of ANN
details in section 4. layers are three with a hidden layer and its nesiron

The analyses were performed with 6 images, 3quantity varied in 3, 4, 5,6, 7, 8, 12 e 16. THe &nd
without deficiency and 3 with phosphorus deficiency CM were changed in (0.01, 0.05, 0.1) and (0.3, 0.5,
With graph editor were generate more 6 images witho 0.7, 0.9), respectively according to recommended
background and 9 desirables images, i.e., with thelimits in (Haykin, 1998) and initials simulations.
segmentation of the region without and with nutrien Activation function (hyperbolic tangent) is usedah
deficiency in the leaf. Furthermore, ANN inputs are ANN neurons. The function is applied after compgtin
based in 12 images with and without backgroundiand of the weighed sum between inputs and its respectiv
each two images correspond the same desirable iorage weighs. The amounts of epochs have variation in 200
segmented. Three images extras were generatedfar O and 500, the first for definition of the ANN
method with deficiency. parameters and other for validation of the reswits

The images were acquired by a digital camerathe better combination found.

Sony DSC-W530 and redefined in a resolution of  ANN training is performed with images inputs and
320x300 with graph editor. In the cross-validation desirables and finished according to stopping date
were used 12 images and the ANN training with 2% (epochs). Input image (f(x,y)) is included in thé&NW
of each image, i.e., 1920 pixels for first analysighe after normalization (f’(x,y)) of the values in the
section 4. interval between [0:1]. The terminus of the tramnin

The others 98% were defined for validation of the will generate the weights necessaries for run
ANN test and results analysis. The low percentagefeedforward mode and full image segmentation
defined in each image have goal of obtain the bestaccording to nutrient deficiency.
combination for ANN as Learning Rate (LR), Constant  The system inputs are sequential pixel to pixel and
Momentum (CM) and Quantity of Neurons in the Hidden each input corresponds in an image component Red,
Layer (QNHL). Green and Blue (RGB), as shéug. 1.
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Fig. 1. Example of a figure caption (figure caption)

The output generated through the Digital Image 3.1. Quality Parameters

Processing (DIP) methods for reconstruct the image

a MxN structure, but the results in this study are
available by output values of the ANN and Otsu

method.
ANN output is weighted in gray scale with 8 bits of

resolution and normalized between [0:1]. The image

reconstruction convert real values in integer nusifer
facilitate later adjustments in the segmentatiotwben
classes, with and without nutrient deficiency ie thaf.

The Fig. 1 presents the general execution of the system

the training is made with image part and feedfodwvar
mode is run with full image.

The Otsu method (Otsu, 1979; Gonzalez and Woods
2007) was choice for make comparison with the ANN

results. This method is a classical algorithm foage

segmentation based in statistics models of vanatio
between distinct classes in images. The Otsu metho

with threshold multiple was development and perfeam
tests before of apply in this study. The method=dus
this study were development in Matlab without suppo
of toolbox or functions. Furthermore, in the neatufe
will be made transcription for an object-oriented
programming languages and providing in a website.

3.RESULTS

The work results show segmentation with ANN
suitable in the identification of nutrient defican The
results are present through several parameteigutaity
analysis of the image segmentation.
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For analyze the results found in the segmentations
were defined four parameters: Percentage of Hitss
(PHM), Mean Squared Error (MSE), Peak Signal-to-
Noise Ratio (PSNR) and Quality Index (QI).

PHM measure precision in each pixel with base é th
output gray scale in methods ANN and Otsu. The
evaluate is performed by hit amount in each sintat
according to interval defined in the Equation 1 &hd
The calculate is based in the increment of theahd

‘miss according to suitable limits of gray scalerfesult.

In the output layer in ANN have a neuron for
determine the pattern output or segmentation image.
Therefore, the generated image in the output oAIKBI
and Otsu method are in gray scale. The variablg “Hi
(H)”, Equation 1, is incremented just when the omitp

elong to close interval between 1/4 of the pokSéds

f gray levels (L) for above and below of the dalsie
value. Otherwise, the variable “Miss (M)” s
incremented. Thus, each pixel is analyzed indivigilua
and defining a acceptable margin of error. In the
Equation 1, D is desirable value of the pixel for
comparison in the outputs. The values of Lz, Lxyeake
found by Lz = (1/4)*LMax, Lx = LMin+1/4 e Ly =
LMax-1/4. If any a three possibilities of H incremieno
occur is incremented the value of M.

Another simple form for this analysis is determane
threshold, e.g., in the half of the gray levelse Blperior
part corresponds in a class and inferior in other.
However, this form is investigated just if the walu
belong in a class and no the results precision.

JCS
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The results acquired with this methodology were average weight

better than present ifiable 1. However, the method of

between the four parameters,
according to Equation 6. The value of FQ is in the

the Equation 1 and 2 were used for obtain suitableinterval of [0:10] and 10 how the best result. The

analysis of the value acquire in the output:

AlE=
A+=1ifD -Lz <Y <D +Lz,00Y 0OL|Lx <L <Ly

A+=1if LMin <Y <D 4.z, 0¥ [L|LMin < 4y (1)
A+=1if D Lz <Y <LMax, 0¥ OL|Ly <L <LMax
E + 1if otherwise
Pn Pn Pn
PHM = 100{2 A /(Z A+ Eﬂ 2
i=1 i=1 i=1

values of PSNR and QI were normalized for keep the
same interval of the others. The parameters related
with error (MSE and PSNR) are not more suitable for
analysis of the segmentation results (Wang and IBovi
2002; Juca and Mello, 2011), thus were given more
low values of weighting:

FQ=[(PHM/109x 3§+[( + MS}x 1h+ 6
(PSNRx 1.5+( QK 35 v

For obtain the best combination of the ANN
organizations were performed 27 simulations. Each

Two parameters were analyzed with base in the erroigjmulation or training were run and after apply the

of the comparison results between the images oatpait
desirable. MSE is obtained by Equation 3 and Pthes
pixels amount of the image used in the validatibthe

feedforward mode for 12 images and average of the
results are present in tleable 2-4. The variations in
Section 4.2 are QNHL, LR, CM and image percentage

tests data. ANN output is normalized and for thetbe ¢, training. In the Table 2-5 present the four

analysis of the values in relation to gray levelasw

parameters of quality (PHM, MSE, PSNR e QI) and

performed the product of the image resolution with o
MSE. The PSNR brings measure of the signal peak in

decibels (dB). This measure is related with imagergy
and noise, similar approach to MSE. With low valoés

3.2. Quality Analysisin the Segmentations

For experiment with phosphorus deficiency were

PSNR (0 to 10) the images have high noise valueSyefined four stages. In the first stage run 12ninajs

Equation 3 and 4:

MSE:%](Z(Yi -0))) (3)
PSNR= 10 Iogo[gj (4)

with purpose to find the best values in the LR &M.
The second stage aims find the best value for QNHL.
The third stage evaluates the results with pergenta
variation of the images set used in the traininge Tast
stage is generated the results with the best catibm
and a greater quantity of epochs.

In the first stage are performed 12 simulations for

The fourth parameter (QI) is related the lost of define the best combination with variation in LRdan

correlation, luminance distortion and contrast lsstw
two images evaluate, output and desirable.

CM, Table 2. The LR has more influence in the FQ and

Thethe best results are with least value of LR in all

correlations between the images are calculated byparameters, except on PHM. This parameter has a

covariance of the images through statistical anslgé
the data, according to Equation 5 of (Wang and Bovi
2002). The quality index has values in the interval-
1:1], the value is 1 when the images are equals:

40, YD

(o2 + 03)[(\7)2 +([3)2}

Ql= 5)

uniform behavior with least value of LR, i.e., cages
values in all inputs images. With bigger valuesL&
provide the greater variation of the results (néfoum),
with best values and others very poor.

From first stage others 8 simulations were
performed changing the QNHL that correspond to
second stageTable 3 show best results with least
QNHL due the neurons quantity in output layer be 1
and the QNHL must follow the rule of Inputs

For facilitate the results analysis was defined a<QNHL< 2xInputs (Haykin, 1998), how occur in the
parameter of Quality Factor (FQ), for calculate the results of thelable 3.
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Table 2. First stage for found suitable values of LR and CM

Simulations LR CM PHM (%) MSE PSNR Ql FQ
1 0.01 0.3 58.74 30.98 57.63 0.805 6.82
2 0.05 0.3 66.13 48.52 55.88 0.649 6.65
3 0.10 0.3 63.60 50.94 55.66 0.643 6.53
4 0.01 0.5 55.72 32.77 57.36 0.867 6.80
5 0.05 0.5 66.13 49.13 55.83 0.649 6.64
6 0.10 0.5 26.61 53.02 55.45 0.643 5.21
7 0.01 0.7 54.56 33.92 57.20 0.881 6.77
8 0.05 0.7 66.15 49.63 55.78 0.644 6.63
9 0.10 0.7 29.11 38.56 56.78 0.697 5.52
10 0.01 0.9 53.42 3457 57.12 0.884 6.73
11 0.05 0.9 66.20 50.01 55.75 0.644 6.63
12 0.10 0.9 26.60 38.52 56.78 0.698 5.43
Table 3. Stage with changing in the neurons quantity ofrtidelen layer
Simulations QNHL PHM (%) MSE PSNR Ql FQ
1 3 58.74 30.98 57.63 0.805 6.82
2 4 53.28 38.99 56.53 0.902 6.71
3 5 53.39 38.02 56.66 0.899 6.72
4 6 37.73 37.28 56.77 0.896 6.18
5 7 38.43 37.68 56.71 0.895 6.20
6 8 39.59 37.95 56.67 0.906 6.25
7 12 38.05 37.34 56.75 0.886 6.17
8 16 37.35 38.22 56.62 0.895 6.15
Table4. Stage with changing in the image percentage
Simulations Percentage (%) PHM (%) MSE PSNR Ql FQ
1 1 43.75 23.75 58.63 0.769 6.30
2 2 58.74 30.98 57.63 0.805 6.82
3 4 52.37 35.92 56.95 0.869 6.65
4 8 87.10 33.98 57.21 0.838 7.84
5 16 86.94 31.90 57.52 0.770 7.73
6 32 81.99 28.83 52.85 0.453 6.73
Table5. Results with all images

PHM (%) MSE PSNR Ql FQ
Simulations RNA Otsu RNA Otsu RNA Otsu RNA Otsu RNA Otsu
1 95.81 91.37 59.47 10.48 54.49 62.02 0.927 0.916 .07 8 8.40
2 96.01 68.61 38.40 20.50 56.39 59.11 0.928 0.840 .26 8 7.33
3 87.05 85.16 40.76 14.89 56.13 60.50 0.888 0912 857 8.11
4 87.18 71.75 21.52 17.68 58.90 59.76 0.888 0.853 .058 7.50
5 94.35 87.39 41.16 11.86 56.09 61.49 0.925 0.909 .17 8 8.23
6 94.76 71.11 23.02 14.08 58.61 60.74 0.926 0.870 .36 8 7.55
7 87.91 71.54 35.73 19.64 56.70 59.30 0.870 0.872 .897 7.50
8 87.94 85.61 15.28 7.28 60.39 63.61 0.871 0.917 13 8. 8.27
9 74.55 68.84 39.04 19.86 56.32 59.25 0.602 0.876 .93 6 7.41
10 74.86 81.10 21.96 9.11 58.81 62.64 0.604 0.907 127 8.05
11 87.55 59.55 36.84 22.91 56.57 58.63 0.782 0.853 7.72 7.00
12 87.87 82.11 20.56 7.27 59.10 63.61 0.787 0.913 917 8.14
Average 87.99 77.01 32.81 14.63 57.38 60.89 0.833 .8870 7.87 7.79
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Fig. 2. Images without phosphorus deficiency symptomsuweitid background

The best combination between all simulation present 54 images divided in 2 groups of 12 imageb
correspond the organization following: QNHL = 3, ER 2 groups of 15 images. Two first groups have images
0.01 and CM = 0.3. This organization was employed o without deficiency,Fig. 2 and 3 and two others groups
results in theTable 4 and 5. In trainings were used 200 with severe deficiency of phosphoru&g. 4 and 5. In
epochs to targeting the results of thable 2-4 and 500  the Fig. 2 and 3 have three images samples and each
epochs in th@ able 5. sample have a source image and three segmentations,

Third stage evaluates the influence of the imagesgraph editor (ideal), ANN and Otsu. In thég. 4 and 5
percentage in the training with more 6 simulatiansl have three images samples, but have two image
differences in the segmentations results are relate  segmentation with graph editor (ideal), one for A
the Table 4. other for Otsu method, for correct analysis of the

The last stage evaluates the best combination avith segmentation. The results are presented by imagbs w
greater quantity of epochs. The simulations oddear@h  segmentations and several parameters of qualitgunea
of theTable 5 correspond, respectively, images with and  The visual results of the segmentations in the #sag
without background. The results show the interfeeeof ~ are related th&ig. 2-5. In theFig. 2 and 3 have images
the background in the image segmentation. Thigeisrc ~ Without phosphorus deficiency andfing. 4 and 5 have

for PHM with Otsu method, but in the ANN is the images with deficiency. )
difference with least values. Segmentations are presented Hig. 2 and 3 of

following way: (a;e;i) source image; (b;f;j) Segnegtion
3.3. Visual Analysis of the | mage Segmentation with graph editor (ideal for two types methods of
) i . segmentations); (c;g;k) Segmentation with ANN disdthe
In all stages and its respective trainings are otin  pagt combination; (d;h:i) Segmentation with Otstthoe.
independent form and with the same images sete&lt iy the Fig. 4 and 5 have addition of more a column before
image are generate three segmentations typesyf the segmentation by Otsu method, that correspond
Segmentation with Otsu method, Segmentation with Segmentation with graph editor (ideal) for this Inoet The
ANN and Segmentation with graph editor. Tiig. 2-5 ideal for ANN continued with its previous item.
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Fig. 4. Images with phosphorus deficiency symptoms ant bétckground
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Fig. 5. Images with phosphorus deficiency symptoms anbowit background

4. DISCUSSION ANN achieved satisfactory visual results in all
images. Optimized ANN with few neurons can obtain
In Table 5 present the results with the same imagessuitable image segmentation same with backgrouhd. T
set for ANN and Otsu method. In the comparison best results with FQ found are related to imagebowi
between the methods in tA@ble 5, the ANN achieves nutrient deficiencyTable5 (1 to 6).
better results than the Otsu method in the general The Results inFig. 3 and 4 show the unsuitable
average FQ. The reason is directly related withRtH& segmentation with Otsu method when compared td idea
parameter that makes analysis of the precisionathe (segmentation with graph editor). The segmentatiith
pixel. The QI parameter in the two methods obtain ANN present results better than Otsu method and toea

similar average. ideal results.
The Otsu method achieves better results in the two
parameters related with error (MSE and PSNR). 5. CONCLUSION

However, the visual results in the image segmeortati o
the Fig. 2-5 show that segmentation by Otsu is very ~ We have demonstrated that a optimized ANN can be

deficient in relation to ideal image. Juca and Mell Used forimage segmentation of the P macronutbgnt
(2011) and Wang and Bovik (2002) comment that error€0tton leaf. The system show be robust same with fe
analysis in the image segmentation is not suitdibte neurons units in nonlinear application as image
uality analysis in the segmentation. Thereforeighe ~ S€9mentation. _— o
3a|ue)sl in th)(/e Equation 6 ?Nere least. Only in th'gjte For find the best ANN combination and organization

. ithout back d d with phosph were performed several simulations. From in this
images  without -background and  wi PROSPNOTUS o mpination  were analyzed several parameters for

deficiency, Fig. 4, the Otsu method achieved good getermine a quality factor to segmentation. The

results. To achieve these results was necessary thgegmentation quality of the ANN was compared witbuO
inversion of the segmentations classes, but predehe  method. The visuals results prove the superiorftthe
same form in the measure acquisition of separgbilit ANN about Otsu method for image segmentatidhe
based in variance between classes. parameters related to error (MSE and PSNR) are not
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suitable for quality analysis of the image segnienmta Haykin, S., 1998. Neural Networks: A Comprehensive

ANN show be more efficient than Otsu method in vasi Foundation. 2nd Edn., Prentice-Hall, Inc., Upper
aspects and suitable to goal defined in this study. Saddle River, NJ, USA. ISBN-10: 0132733501, pp:
Image analysis was performed with individual léaf, 842.

future works intend increase the region analyzed an
change of the crop and macronutrient for verify régults Juca, V. and C. Mello, 201l
with our proposed.
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