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2. optimization algorithms
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Table 1 Different imaging conditions

R Imaging Ambient light Number
ow o, . . :
conditions intensity Of images
Laboratory (by Uniform light
boxes equipped intensity 300
with (1300 LUX)
camera and LED
lamps)
Natural light on a 300
sunny day
Natural light on a 300
. . cloudy day
Farm (in the citrus Natural light at
2 orchard) afural ight a 800
sunset
Artificial light with
fllffergnt !1gh.ts 4800
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Fig 1 Laboratory imaging device; (1) Box isolated
from ambient light (2) Camera (3) Lamp (4) Leaf (5)
Monitor (6) Computer system
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1. Training
2. Validation
3. Testing

4. Accuracy
5. Precision
6. Recall
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Table 2 Different shooting modes under different ambient light conditions
Average intensity of natural light Light intensity created

state Imaging conditions in the shade of trees (LUX) using light lamp ( LUX )
1 sunny day 4000 -
2 Cloudy day 1000 -
3 Sunset 530 -
4 Sunny day with white lamp lighting 3500 12000- 13000
5 3000 15000- 16000
6 3175 11000- 12000
7 3500 8500- 9500
8 2700 7000- 8000
9 Sunny day with yellow lamp lighting 3300 8500- 9500
Inside the box isolated from disturbing i 1300
10 lights with light intensity
Table 3 Results of accuracy of algorithm detection by imaging in different conditions of ambient light
intensity
state optimization algorithms Accuracy Precision Recall F1 score
SGDm 0.9250 0.9259 0.9250 0.9254
1 Adam 0.9200 0.9207 0.9200 0.9235
RMSProp 0.9200 0.9213 0.9196 0.9204
SGDm 0.8850 0.8852 0.8850 0.8851
2 Adam 0.8875 0.8879 0.8876 0.8877
RMSProp 0.7275 0.7278 0.7267 0.7273
SGDm 0.7320 0.7328 0.7320 0.7324
3 Adam 0.7340 0.7342 0.7340 0.7341
RMSProp 0.6432 0.6439 0.6432 0.6435
SGDm 0.9275 0.9276 0.9275 0.9275
4 Adam 0.9325 0.9329 0.9326 0.9327
RMSProp 0.8525 0.8526 0.8525 0.8525
SGDm 0.8829 0.8839 0.8827 0.8833
5 Adam 0.9057 0.9064 0.9057 0.9060
RMSProp 0.8000 0.8012 0.7995 0.8003
SGDm 0.9400 0.9411 0.9398 0.9404
6 Adam 0.9340 0.9348 0.9336 0.9342
RMSProp 0.9280 0.9283 0.9277 0.9280
SGDm 0.9525 0.9533 0.9525 0.9529
7 Adam 0.9425 0.9428 0.9425 0.9426
RMSProp 0.9500 0.9502 0.9500 0.9501
SGDm 0.9350 0.9360 0.9350 0.9355
8 Adam 0.9250 0.9258 0.9250 0.9254
RMSProp 0.9250 0.9260 0.9250 0.9255
SGDm 0.9420 0.9433 0.9420 0.9341
9 Adam 0.9400 0.9408 0.9400 0.9404
RMSProp 0.9340 0.9355 0.9336 0.9354
SGDm 0.9873 0.9885 0.9873 0.9879
10 Adam 0.9773 0.9782 0.9773 0.9777
RMSProp 0.9793 0.9800 0.9793 0.9796
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Fig 9 The progress of validation accuracy and loss
function through the training phase with algorithm
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The control pests and diseases is considered one of the most important operations of
Citrus in the protection stage. Today, a lot of research has been done in various
fields of agriculture, including the diagnosis of plant pests and diseases by using
machine vision methods. One of the problems that reduce the accuracy of the
machine for detecting pests in farm conditions is the presence of adverse factors
such as shade and changes in light intensity at different times of the day. In this
study, in order to find the appropriate light intensity at different times of the day and
increase the brightness of the shady parts of the trees, lighting by a lamp at the
imaging site has been used. For detect pest-infected trees (in this snail study) has
been used to Deep learning method which has been studied and evaluated by various
optimization algorithms such as RMSProp, Adam and SGDm. To evaluate and test
the algorithm used, 8000 images were examined in 9 farm conditions and one
laboratory state In farm conditions, the lowest detection accuracy of algorithms with
64.32% related to imaging in cloudy days with light intensity of 350 to 700 lux was
obtained using RMSProp algorithm, which Detection accuracy was improved up to
95.25% using SGDm algorithm by creating a light intensity controlled by a lamp
(approximately 9000 lux). In laboratory conditions where the images were prepared
in a controlled environment with constant light intensity, the detection accuracy was
Obtained 98.73% with SGDm algorithm.
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