Applied Entomology and Phytopathology P sl oH]

Vol. 91, No. 2, March 2024 Ve Y Wil Y o e AY W
DOI: 10.22092/JAEP.2023.362402.1481
L;:.AJ}; Jlas

Gees (§ 5L ST 3l ealinul b Tutaabsoluta « &S pam 8 5 s 0 pnd S0 55 B led 5 aueds

s SO pals o T4 Sl 5l dme PTG a5l bl Lo e
e 0SSl Lkl =¥ €0l Ll wolzsle S (g3l oKl (g3, 5LaS 0aSCiils ¢ K 520lS 05 S Liils Ll (g S5 (g gmiils —E (Y o
Ol celile S (g3l ol&ils (655 5LiS 0aSiils  ubid St 05 8 jlskisd =040 1 Ol g5 oy 55 ol SRils (oDl (5,5 5 3 5uelS
(V0 (6350 d Gl V60T 3l 2 1 2dl s k)

s dS>

Slaly sl 53 s Sl oge p8 L5 e R H S WSLE SNl 5 Lasis sl s slagsts 5l eslind
Solors b JLaJ SIS ae a0 5 Goes (6S3k ST 1 Rasgy cnl 53 A3l LOT 535 5 5G8s J S 5 Sl i oy e
] 5l S (Tuta absoluta (Myrick) (Lepidoptera: Gelechiidae) vﬁf‘u—jf O o Y85 Soled 5 esis Sy AlexNet
gole 31 LSS 53 L3 W A5 V0 sluw (T absoluta Wb i sl L;JJT@.? Gl s eslizal Ol s (K jas S oS S
L DSC-WX100 Jis g s ol pysn 31 bl ags sshineas 33 5 coal (g5l oK1 b e 5 $5UES s SN e S
5 s o gt 235 gla el yl 51 AlexNet (¢ slems b domn eas 4K 3 Shas U5l gl il eslizad SO S S5e 2o
(/AN o gze 35 gl el )l s ealined s o s 5 s Osen S, et 3 ioled 53 5 Shes bl gl s eslizal (55050
et e 5 Bl (S8 S e 0 pocd et > JLd S e 4l VL 5 Sas 510l (100) (65505L 5 (V0r) 23
Slr @3S Jomoly Ll oo e aSh S 5ls 0L S (IS sbay ol opl osled o s (YL s Sl «(1/AA) s
LS &l eddans S slas 3l eslized U K e oS (g5, 3l ol 583 aoled 5 yasiiS
et (5,531 AlexNet (¢ slaxs S pax S 5 5in o pcd 1S glaelly

Automatic detection and counting of Tuta absoluta (Myrick) using deep learning technique

A. R. SHABANI NEZHAD?, A. A. ZAMANI?*, M. IRANPOUR MOBARAKEH?, S. ABBASI4, F. RANJBAR®
1, 2, 4. Ph.D. candidate, Associate Professor, Associate Professor, Department of Plant Protection, College of Agriculture, Razi University,
Kermanshah, Iran; 3. Assistant Professor, Department of Computer Engineering and IT, Payam Noor University, Tehran, Iran; 5. Assistant
Professor, Department of Soil Science, College of Agriculture, Razi University, Kermanshah, Iran

Abstract

The use of modern technologies for detecting and measuring pest population density can be an important step in facilitating the
implementation of integrated pest management programs and achieving more precise and effective control. In this study, the deep learning
technique and convolutional neural network with AlexNet architecture were used for the automatic detection and counting of the tomato leaf
miner, Tuta absoluta (Myrick) (Lepidoptera: Gelechiidae), which is one of the key pests of tomato plants in Iran. To collect images of adult
T. absoluta insects, 15 delta traps were installed in two hectares of tomato farms at the Campus of Agricultural and Natural Resources, Razi
University. The Sony DSC-WX100 camera with an effective sensor resolution of 18 megapixels was used to capture the images. The performance of
the convolutional neural network with the AlexNet architecture was evaluated using the parameters of average accuracy, accuracy, and
recall. For counting performance, the linear regression curve and coefficient of determination were used. The average accuracy (98.0),
accuracy (100), and recall (100) parameters indicate the high performance of the convolutional neural network in detecting the tomato leaf miner,
and the coefficient of determination (0.98) indicates the network's high accuracy in counting this pest. Overall, the results demonstrate that
the neural network can provide a practical solution for the accurate detection and counting of this pest on tomato plants using captured images.
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orange line shows accuracy on validation set
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Table 1. Number of parameters required for the used models

Type of Trainable
. Parameters
architecture parameters

AlexNet 24555044 24555044 0
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Table 2. Implementation confusion matrix

Prediction / truth With Tuta absoluta Healthy
With Tuta absoluta 99/81 0.19
Healthy 99.52 0.48
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Table 3. Evaluation results of different categories of Tuta absoluta with Alexnet architecture in percentage

F1-score Recall Precision Accuracy Class
100 100 100 99.81 With Tuta absoluta
100 100 100 99.52 Healthy
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Fig 3. Linear regression relationship and coefficient of determination between actual value and predicted value by model
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