5
L L]
&

ki

i

- ClXE 28 = &5l =2 K|
=i Journal of Digital Contents Society
Vol. 25, No. 12, pp. 3683-3692, Dec. 2024 M) Check for updates

1 5 1 1 2 o) =13
ol Al G- NG -FwR.FF I
MYien X SMAFE FEISEE MADPY, sALY, ma

22415 A} 0f]0| OFOI A= Heloi T el

M ST A o Sz T e

Study on Selecting the Optimal Deep Learning Model for

Classifying Pear Pest Images
Jin Lee' - Le Hoang Anh' - Jin-Young Kim' - Dang Thanh Vu’ - Gwang-Hyun Yu®"

"Master's Course, Ph.D. Course, Professor, Department of Intelligent Electronics and Computer Engineering,
Chonnam National University, Gwangju 61186, South Korea

’Ph.D., Affiliated Research Institute, AISEED Inc., Gwangju 61186, South Korea

3Post-doctor, Chonnam National University Industry-Academic Cooperation Foundation, Gwangju 61186, South Korea

I
ik E S wE FE= I el A HelE e o] Ak AL Qv wibEell A Wl Fo] T E T ko] 215 A
7AW oM WS B8k Aol T as) A= vl o] A I el A A Rl =

3 vl <
= I} o] w] =] o} ALt 74 of A] Hl] ¥ 3]
CNN 7Al¥ R Z(ResNet, MobileNet, EfficientNet, ConvNext)}
%] Hlo]E| A& A3t A 5S 7lelqlt). gk 1E 85 3}
TS 9t Grad-CAMS AF8-8to] =8 B350t A8 21,
Felaksich

1 -

&=
9]

>,

tlo
I
F
bt
<
ko

. 0]

:(,>1:4
o
=
)
o
o

T

STt Aol A
Transformer 7€ . E(ViT)< vl nstar, 53 ¢k vl 3% o]
ulE] e} tlofE F4 7HS vl AEs)S 7 d

ResNet101 ®2lo] A& 9} Grad-CAM 275 g1l S off v ol F E7lA 7HE 73 & B A&

=
ok

et

[Abstract]

With the increase in agricultural exports, pest and disease quarantine measures have been strengthened globally. Upon detection
of pests or diseases in agricultural products, the entire shipment must be recalled or discarded. Therefore, detecting pests during
the post-harvest sorting process is critical. This study aims to identify the optimal deep-learning model for classifying healthy and
pest-infested pears during sorting. To achieve this, a dataset was created by collecting images of pest-infested pears under
conditions similar to publicly available healthy pear images. The study compares CNN-based models (ResNet, MobileNet,
EfficientNet, ConvNext) and a transformer-based model (ViT) using the dataset. Standard learning parameters and data
augmentation techniques were also evaluated. Accuracy and Grad-CAM were used to analyze model performance. The results

indicate that ResNet101 achieved the best performance based on accuracy and Grad-CAM.
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Fig. 3. Sorting non-commercial pears into boxes according
to pests and diseases
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Table 1. Pear pest image dataset
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Table 2. Model training settings

Class Train Test Total Configuration Value
Normal 19,038 2,130 21,168 optimizer AdamW
Black Spot Disease 1,644 180 1,824 base learning rate 1e-3
Fruit Skin Spot 47 5 52 weight decay 5e-2
Peach Twig Borer 61 6 67 batch size 128
Peach Tree Borer 49 5 54 learning rate schedule cosine decay
Pear Psylla 339 31 370 warmup epochs 10
Leaf Miner Moths 57 6 63 training epochs 100
Fruit Skin Darkening | 27 3 30 augmentation Random Augmentation
Other 6,956 910 7,866 mixup[31] 0.8
Total 28,218 3,276 31,494 cutmix[32] 1.0

Grad Cam Classification Result

Black spot Disease

Image Classification

Input Image
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Fig. 6. Pear pest image classmcatlon deep learning model
training configuration
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Table 3. Model performance comparison

Model name Parameter Accuracy
resnetb0 25,452,681 0.9953
resnet101 46,244,457 0.9959
resnet200 68,170,985 0.9937
mobilenetv2_100 2,226,434 0.9896
mobilenetv2_140 4,319,362 0.9918
efficientnet_b0 4,019,077 0.9786
efficientnet_b1 6,524,713 0.9824
efficientnet_b2 7,713,675 0.9874
efficientnet_b3 10,710,065 0.9852
efficientnet_b4 28,359,225 0.9881
convnext_nano 14,949,522 0.8780
convnext_tiny 27,815,042 0.8497
convnext_small 49,442,690 0.9041
vit_tiny 5,488,137 0.9893
vit_small 21,593,097 0.9896
vit_base 85,653,513 0.9874
vit_large 303,108,105 0.9855
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