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Abstract:

After the emergence of technological development, many palm tree diseases
were detected, resulting from several different environmental factors during
their growth stages, and the symptoms overlap to a degree that sometimes
can only be distinguished by an expert in diagnosing these diseases.
Therefore, we propose a machine learning system that diagnoses different
types of diseases so that it studies them also with deep learning and
establishes its own neural networks, the aim of which is to make it easier for
farmers to know the type of disease and reach accurate results.

Keywords: machine learning, deep learning, palm tree, palm tree disease.
Sommaire:

Apres 1'émergence du développement technologique, de nombreuses
maladies des palmiers ont été détectées, résultant de plusieurs facteurs
environnementaux différents au cours de leurs stades de croissance, et les
symptdmes se chevauchent a un degré qui ne peut parfois étre distingué que

par un expert dans le diagnostic de ces maladies.



Par conséquent, nous proposons un systeme d'apprentissage automatique
qui diagnostique différents types de maladies afin qu'il les étudie également
avec un apprentissage en profondeur et établisse ses propres réseaux de
neurones, dont le but est de permettre aux agriculteurs de connaitre plus

facilement le type de maladie et d'atteindre des objectifs précis. résultats.

Mots-clés : machine learning, deep learning, palmier, maladie du palmier.
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import numpy from listdir import os from
from save import numpy from asarray

load img import keras.preprocessing.image
import keras.preprocessing.image from
img to array

define location of dataset #

= folder
'/PalmDateV2/train/healthy’
()Llist «()list = photos, labels

enumerate files in the #
in file for directory
determine # :listdir (folder)
if 0.0 = output class
:('healthy')startswith.file
photo = load image # 1.0 = output
((200 <200)=target size .file + load img(folder
convert to numpy array #
photo =
(photo) img to array
store f
photos.append (photo)
# labels.append (output)
convert to a numpy arrays
photos = asarray (photos)
labels
photos.shape, )print

asarray(labels)

save the # (labels.shape

reshaped photos

« '"healthys.npy') save
(photos

(labels ¢'healthy.npy')save

(999, 200, 200, 3) (399, 200, 200, 3)
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load and confirm the shape #

load dimport numpy from

photos =

labels ('healthys.npy') load

('"healthys.npy')load =

photos.shape, )print
(labels.shape

B, VAl clasy il Lalasealy( makedirs ) aiby slasaal Python @ asf sl ¢
‘healthy/ brown spots

listdir import os from os import
'/PalmbDateV2' = dataset home

for ['/test' '/train'] = subdirs

create # :subdirs in subdir

= labeldirs label subdirectories

for ['/brownspots':'/healthy']
:labeldirs in labldir

newdir = dataset home + subdir + labldir
(True=os.makedirs (newdir, exist ok

(:PJPqZE;rils;»L»icéjﬁ‘ﬁJES-3.2

i healthy bl asged 2ad dpad) iSall ol T3 ek Ll ) 1 3
A L3l i Blie Sa gl 3gedl 1T e 35V A wlbd) 2350l suses  brownspots
L .6@@4%3&%3X3SWQL>JJQWBM\QLLJA\W¢§?@\M¢@

iiby aib S susaexe brown spots L. healthy aen Jo andl ods Ol

() o s blasl L ololll il ale Ky as Sy (He weight 124y, ReLUbus
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e Jle ol dagy L SLL) Aesast Ilwlie 05 Blala odumiy () 356 504 define_model

brown . healthy aSal 1460 iues s T35 A define_model () zb,

.SpOtS
()model = Sequential : ()define model def define cnn model #
¢'relu'=activation (3 «3) «32)model.add(Conv2D
«200)=input shape «'same'=padding «'h e uniform'=kernel initializer
model.add (Flatten ()) (((2 ¢2))model.add (MaxPooling2D (((3 <200
¢'relu'=activation (128)model.add (Dense
«1l)model.add (Dense (('"he unifor m'=kernel initializer
(('sigmoid'=activation
(0.9=momentum «0.00l=compilemodelopt= SGD(lr #
ac ']=metrics .'binary crossentropy'=optimizer=opt, loss)compile.model

model return (['curacy

UL slas] A plf (U5 sy JUL L Jo dr b i 358 s bagleaanl &4

define model #

()model = define model

120 oo S5 ) JoSK) o8 e ) ImageDataGenerator wud Yl lis e

(255.0/1.0=rescale)datagen = ImageDataGenerator

VA e ST sty S i)y bl i 3 flow_from_directory () aiby plasaa) ¢
ot sl feamdy " Class_mode " abiny pe S Canas dSie o Al OF sud OF £,
64 Lie a3l mm ~Sob psiin " tATGEL SIZE " Abeny pe S 200 x 200

«'/PalmDateV2/train')train it = datagen.flow from directory

((200 «<200)=target size .64=batch size ('binary'=class mode

«'/PalmbateV2/test') test it = datagen.flow from directory
(200 <200)=target size (64=batch size .'binary'=class mode

26



Brown s Healthy 4sduks 4l ) Gl Jadll
spots

fUT gimal) ULy egemaS”((TESL_IL) plisiznly (TrAIN_1tplasal) =3sed) Zoedls Lad S5 ny
Qa1 saadl 05Ky S I dsb IV e Gl3 wad Sq L EESE g traln Slshs sae Wil (4

(64)and)) e Lilsds testy train as1 (3 gall

AISCal) B me als mgadl OSTI3] e 3amdl) pio o3 589 (€POChS 20 J Lslin 2350l 09

history = model.fit generator(train it,
« (train_it) len=steps per epoch

<20=len(test_it), epochs=validation data=test it, validation steps

=0rbose) ve
R &)’u}l\j 3pale LVl ULy deses Lo uﬂ'@"j\ C';}‘.JJ\ S £ AagdU) 5 g

evaluate model #
=len(test it), verbose=acc = model.evaluate generator(test it, steps .
((100.0 * acc) % '3f.% <")print (O

aslm) o gl " history " s 3 o) ol el ana @ ) gl Lok clis] a USE ¢ s
test whly isgast 3 §lucy pisadl B> sl (592 ( fit_generator ) | sleaxul o
.epochs |S™ &l 3 oyl

Ay o3y clisl psiiy Slbsadl Js obsl 3395l (Summarize_diagnostics ) aiby isb
s L adl ol ol Jo dazm Cilo pnl (e (3 S dadomg B0l 2T 5)lesil] s Labasig
S WAl ados ol oLai]y aali2 DUl (3 z3sed Akl SV o kel s L)l 13] e

e

plot diagnostic learning curves #
def
: (history) summarize diagnostics
plot loss #
(211)pyplot.subplot
Cross Entropy ')pyplot.title
('Loss
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('"train'=label :'blue'=color «['loss']pyplot.plot (history.history
«'orange'=color «['val loss']pyplot.plot (history.history

(test'=label
plot accuracy #
(212)pyplot.subplot
('Classification Accuracy')pyplot.title
('train'=label «('blue'=color «['accuracy']lpyplot.plot (history.history
tes '=label «('orange'=color (['val accuracy']pyplot.plot (history.history
('t
save plot to file #
[1-1('"/")split.[0]filename = sys.argv
('plot.png ' + pyplot.savefig(filename
()pyplot.close
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