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(Tomato Disease Detection Using Vision Transformer Model)
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(Jeong Ki Kim, Meong Hun Lee)

F HoF 3 Fo Ao w FHuky Qlom AIE 83 AE ] Al So] AEEar AR
2hE Wal B ol 7HA] AlE &85 oy 7]Hke] R R AP e ofFEste] A o] Holal
A= Aot} B =FdAe VIT Rdg 383 EnlE H3)] & dFE st} 433t EnlE ojn]X]
dlo]E S FAdstar AL 7|k oju|A] dlolE gt5S Fdsta, RS &85 st AxE glstax} s
7% CNN 229 ViITEA ] Aok, ARE 5o 45 vlag g 75 JAdrh VIT 223 §3 g
A ABE 88.9%, AH T 86.7%, A& 84.2% Fl-score 85.4%°]H, AUC-ROC 0.905 Log loss 0.2762.5
CNN Ry} vlwslel s of 53 oS HolFal ) dd A7E &8 VITED E=3 o|n]x] do]H
A okl A AAE T REYS RIS g AuntER S ] B¥ElE 7] §HAste] A& IEE
Harsled 4 9o, wed A7 2 Frke] ALk g =] EH AoR Vs

W 540l - ViT 24 ; CNN 24 ; 88 284 ; 93A]%5 ; o|u|#] do]H
Abstract

The agricultural sector is also attracting attention as an important industry, and crop
management and facility management using Al are in progress, but crop disease management is
still showing limitations by relying on experience and intuition rather than data-based analysis
using Al In this paper, we conduct a study on tomato disease detection using the ViT model. We
would like to construct an appropriate tomato image dataset, conduct Al-based image data
learning, and confirm the learning results using the model. After that, the research is conducted
by comparing the performance of the CNN model and the ViT model such as accuracy and
precision. The accuracy of the learning results through the ViT model is 83.9%, the precision is
86.7%, the reproduction rate is 84.2% Fl-score 85.4%, and the AUC-ROC 0.905 log loss is 0.276,
showing excellent performance compared to the CNN model. Through this study, it was confirmed
that the ViT model is also a competitive model in the field of image data analysis. In addition, it
is expected that it can minimize crop damage by early detection of diseases in the smart farm
environment and help reduce labor and improve productivity of farmers.
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2. CNN(Convolutional Neural Networks)
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GPU NVIDIA Tesla T4(Google Colab)
Python 3.11
PyTorch 2.5.1
Torchvision 0.20.1
Timm 1.0.15
OpenCV 4.11.0.86
Scikitlearn 1.6.1
Matplotlib 3.10.0
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O for epoch in range(nun_epochs):
nodel . train(}
running_loss = 0.0

for inages, labels in train_loader:
inages, labels = images.toldevice), labels.toldevice)

oot inizer. zero_grad()

outputs = nodel{inages)

loss = criterion(outputs, labels]
loss.backnard()

oot nizer.stepl)

running_loss += loss. itenl)

printlf*Epoch [{epoch!}/ {nun_epochs}],
Loss: {running_loss/len(train_loader): 4f}")
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