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Disease Detection System: Applied to Apple and Tomato
Disease Detection
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Abstract

Agriculture in Taiwan is facing problems such as population aging and labor shortage. Therefore, effec-
tively managing the crops in the planting process is often impossible, easily exposing them to disease threats
and leading to heavy losses. This study builds a crop disease detection system and applies it to apple scab, to-
mato early blight, late blight, and leaf mold. The system first collects apple and tomato crop photos and crop
disease data from the Plantvillage dataset on the Kaggle platform. Secondly, according to the crop dataset,
the crop type recognition and leaf detection model is trained to identify crop types and detect plant leaves. Fi-
nally, the detected leaves are inputted into the disease recognition model for disease detection, and the plants
infected with the disease are found. The crop detection system intends to help farmers improve the efficiency
of monitoring crop disease through aerial cameras so that farmers can treat plants early and avoid agricultural
impacts caused by crop disease.

Keywords: disease detection model, crop disease detection system, leaf detection model, YOLO, Vision
Transformer
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(a) (b) (c) (d)

B2 (a) &mieiER - (b) FARBER - (¢) ARER - (d) EBREAR
4L &R : Hughes and Salathe (2015) -

= ~ Vision Transformer ( ViT)
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( Convolutional Neural Network, CNN) #7i& $£2_ & ##i-4] » 4 GoogLeNet (Szegedy et al,
2015) -~ Residual Network (ResNet) (He, Zhang, Ren, and Sun, 2016 ) = Dense Convolutional
Network (DenseNet) (Huang, Liu, Van Der Maaten, and Weinberger, 2017 ) - “f CNN $i3 3
A A2 B s SR Y > Dosovitskiy et al. (2020) # ) VIiT #4] » ViT { RH-p R3FS
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Xy #F 0 A ¢ C 23 i B (Number of Channels) > (P, P) 2.5 1 Bl it = ¢4 735 (The
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B (PxPxC)xDefgd &L E &7 p: &+ (Linear Projection) > ¥ {r#f i Bidirectional
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Encoder Representations from Transformers (BERT ) (Devlin, Chang, Lee, and Toutanova,

2018) ® e wlikic (Class Token) (X,.,) & 5 (N+1)xDe=z 2w g » L4t iz ;‘%_«;T}‘,L

» (Position Embedding) (E,,) % Z, ﬂj%l » i 4k B %% B (Transformer Encoder) - Z, = ;¢
3258 (1) #77 o

[ class’X E X E X;YE] + EPOS

(1)
where E€ R”"9P E e RV

3 B s B4 L K ¢h Multi-Head Self-Attention (MSA) £ % & g 4 % (Multilayer

Perceptron, MLP) = > 4efl4 & - f Z ¢ LTk % it (Layer Normalization, LN )
£ i~ MSA > %J hisie 7 £ 2 (Residual Connection) ¥7 — B &rﬂiy] * e Z AP A 0 i i
INfeMLP & it FA LB B0 - 2RI § £ 58 - LN 3 Yo @ ¥ & 28 » #ijen

Fa o.fs;‘;@i/ggﬁa 4 ’ﬁw B By 2 Y i § 156 MLP 37 i) B .g\éﬁwugﬁw—;% o

Z;=MSA(LN(Z,.,)) + Z,.,, where £ =1 ... L (2)
Z,= MLP(LN(Z}))) + Z, where £ =1 ... L (3)
Y =LN(Z) (4)
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1R

F 12 1B (Object Detection) % 85 A SF4Lsbrat ¥ u* ch— JE;RR B Y 2 % > )L BjiFen
PEAE B RE R IBE SR Y P &5 25 12 (Bounding Box) 21 > [F pF
B RAp TN o i}‘%' R T X RA G Z FFECW R (Two-Stage Detector ) fo—

HE;; i8] (One-Stage Detector) » = FEE i pl4p it — bﬁx MR Wi RN e B end
% (Accuracy ) (Du, Zhang, and Wang, 2020) - BT8R ;ﬁ R E 2T AR rieE
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¥ » 12 Region-Based Convolutional Neural Networks (R-CNN) ( Girshick, Donahue, Darrell,
and Malik, 2014) % g b] L MRlEAE S - R EEMRER (Selective Search) /& & iz & 4
PR ERBRR L KEB ?vii‘%ifaéi@ffﬁféﬁﬁ » CNN & P~ F 33 » ﬁk?g%*gf’ AfFw g
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Girshick, and Farhadi, 2016) % & @ 7 ﬂ%-ﬁa?] B ARG 448 x 448 Ty A T x T e
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2018) ~ YOLOv4 (Bochkovskiy, Wang, and Liao, 2020) ~ YOLOv7 ( Wang, Bochkovskiy,
and Liao, 2023) 273F 5 H W 5Kk > @ L 3K K 2 F"*;ﬁd ﬁ:‘q']-if’f#‘ft' v'ﬁﬁﬁﬁpﬁxt Ve
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Normalization ) & &g/ S fked Mish { #c 5 Sigmoid Linear Unit ( SiLu)
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¥ g By Batch Size 3% €5 32T M EF A G RE > HHAF - 2 v F - mAP@.S
mAP@.5:.95 & %] % 74.57% ~ 77.92% ~ 84.70% ~ 53.12% -

%2 RBAEWMARIEPR AR Batch Size B &R

R AR mAP@.5 mAP@.5:.95
-3 (%) (%) (%) (%)
Model 1 (Batch Size=8) 63.60 65.17 71.00 40.03
Model 2 (Batch Size=16) 73.83 75.26 82.74 50.29
Model 3 (Batch Size =32) 74.57 77.92 84.70 53.12
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