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PROPOSAL OF AN EFFECTIVE DATA AUGMENTATION METHOD FOR WHOLE PLANT AND

STEM TOP IMAGES IN AUTOMATED DIAGNOSIS OF PLANT DISEASE
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In recent years, automatic plant disease diagnosis systems based on deep learning techniques have been
proposed. These studies have mainly used images of plant leaf surfaces as input, and there has been no
progress in the development of diagnosis systems for other parts of the plant. In addition, while high
discrimination accuracy can be obtained for images taken in the same field (shooting environment) as that
of the training data, there is still a problem that the discrimination accuracy for images taken in different
fields (unknown data) is significantly reduced. Therefore, in this study, we focused on the diagnosis of
whole plants and stem tops, and constructed an automatic diagnosis system using a high-performance
convolutional neural network model. In addition, a new data expansion method utilizing latent diffusion
model is introduced. We trained images of diseases for which data is limited, generated thousands of similar
images based on them, and incorporated them into the dataset. In addition, to increase the diversity of
the data, we generated healthy images taken in different fields with the disease symptoms of each disease.
These images were added to the dataset and the performance of the classification model was verified. The
improved generalization performance of the classification model confirms the usefulness of the proposed

ABKE

model.
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Healthy, Verticillium Wilt, Bacterial Wilt ({#4, F
4, LEZERRE) O 3 77 A TEE 15,453 Mh SRR X
T3, zhzhor 7 ZADEEOKE % Table 112
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Table 1 Baseline 7— X+t v b DK

No. | Class Train[#] Test[#4]
00 | Healthy (HE) 7,664 929
17 | Verticillium Wilt (VW) 1,172 434
18 | Bacterial Wilt (BW) 4,143 1,111

| Total 12,979 2,474

B35, FE e A e e hES2E DIRSNT
W3, ffle LT, TI0ARE) , T16_.ELy &5 ITEH
STV S. KA TIE, WELEBOES2HAED

Table 2 Baseline 7 — &t v b DAL

Fields
Class Train Test
Healthy HE, 8, L3y, = L D
Verticillium Wilt | B85, ER S =&
Bacterial Wilt B, W, =&, B | S
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Fig. 2 F 2 DETEEH R D

(a) f22 (b) B

(2) EfRERK
A% T, Dreambooth % {#H L T Stable Diffu-
sion 2.1 % Fine-tuning L, AXOEBRERET L E L
Jo. ZOBET, BRI2FERESLTur S M elHAaE
b, &5 D DEIRERFIETHIGERZIT - 7.
(3) HBERTE
HECTHAT AREZUTITRT.

o I
— resolution = 512
— learning rate = le-6
— input images = 30
o LR
— resolution = 512
— num inference steps = 80
— guidance scale = 15
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HIT FreeU 28 A L7z, £72, 85 X — XD KIE
BT H 3, WmE0ER % £ backbone features DLt
RDA% 105 ICEHE L. kD, HEEOES
RROMARI2 & OB 2 G2 HERR T & % L Wiff
ns.
(4) REIIEGERFE
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DRRd. fide LT, UFTCERT S MBER) ©ig,
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a) Standard-augmentation

Standard-augmentation T, & B& % @5 0 %%
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d) Standard-augmentation 5&BIF % L DR
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THAR X N7 HG % Baseline iZBIL, ZOF— Xt v
I %7 Standard-augmentation w/o token” & L7z.
e) Mix-augmentation #3IF %4 L DER

Z 2T, FE R Mix-augmentation ¥ [FREDRE
TH2H, Wil TFERANTICZ ATy 7 FOATH
BrEER L. 2k D, BEiFEEADZHOME
PHAGDODEZ Z P TEZRF L. ZOFIETE
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%” Mix-augmentation w/o token” & L7z.
(5) mIAIE

ALY LT, oI 7— 2ty M OKHEGZ PRT
Zvay 7L, 316 x 316 pixels IV ¥ A4 X L7 oD
AL DN T Fig. 31277, X 51T, FHEBIZIZDL
TIZ/RT Online Data Augmentation %L 7=. Online
Data Augmentation & 13® 27— 24> I L T,
kA RIEEINZ 5 Z 8 CTIERI XAVOIEREREEL
TR X, BB T — 22 ET 2 FETH 5. KLU
WHZA T =&ty P2ERICHVWS e THEET
AP LHRER A EXE 2 Z 22 T& 5. Online Data
Augmentation i L7z & = Dfl% Fig. 4 IT/RT.

Fig. 3 HijLEd

Fig. 4 Online Data Augmentation

3. FHEiAE

A RBRTIE, ImageNet THHEIZEH HFA I
EfficientNetV2-S (21k) ZHWT, ZhZhD T — X
% v b T Fine-tuning 21T » 7. ZH 2O EGAERKTF
ECTHERLUZBEREZEHA LG E L, REAOHEL D
g %EIT o7, 2Tk D, EFETERZ NEH{ERD
b7 6 FTILIEREN DB 2 MGE L 72, & FE O FH
F. &7 7AZLD Fl 2a7 TiTo 7. &FIEOF LM
3% 27 5 A2 ¥ ® Fl-score TR L 7=.

4. fER-EBE

Baseline 7—&t v b2 fER L7z 5 DDTF—& L b
TR L 7=FE8R % Table 3 12/R$. 5 DOBEBREKTFIE
THEBRSNLEGEZEE T -2 LTHOWRET VO
HIFEEE % LR U 7z
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Table 3 FROHFHMANFER (Fl-score)

Dataset Fl-score [%]

HE VW BW Macro avg. Accuracy
Baseline 75.5 273 60.3 54.4 62.8
Standard 724 354 64.2 57.3 64.2
Mix 72.2 376 60.6 56.8 62.9
PPL 72.0 35.1 609 56.0 63.0
Standard w/o token  73.5 41.7 66.3 60.5 66.4
Mix w/o token 72.0 42.5 63.7 59.4 65.0

7. ¥#iZ, Standard w/o token TiZ, Macro avg. A
6% FEJE & Accuracy 25 4% f2E A £ L 7-. Standard
w/o token ¥, ¥D 7 —&+t v b XD bENTFHIKE
RERLZ. Mix w/o token T, [FHDMRER L
MHE SN, VW ITH 3 % Fl-score iZ Standard w/o
token X h b E,r o7z, B, B LEZETDOT—&
t v FTIE, 2 DOIRFIIN T % Fl-score A% Baseline
DOritgLTHLELZ. L2L, HEIH L TEED T —
X+t v FTD Fl-score MR TR L 7.
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Baseline ZffR\W7z 5 2D 757 — X+ v b TIX, Macro
avg. & Accuracy O LB TE 7. 43, Base-
line 7 =&ty P HRTMD 5 DD T — &t v MI%E
EHEGROEBZ W EZ 65, CNN ET L
&, FEEGHIEZ 5 & D DIEETULIERED E3 5 72,
REBHTHH % O LADHER T E 7. Standard w/o
token T, Macro avg. ¥ Accuracy DfxiE Fl-score
ZESLE. ZhE, @l TForwSar I ko T
BRBER SN THEET — X DR L text-to-
image & F VO ERIZEE L TWEEEREDLX D, ¥z
TR ERLLEEZLBNS. Tk, ElEh
SHEHBEOZRREDNA L L ERS. Lo T, 7—
ZYEER & U THT o 2GR RFED T 7 A O
REZMLXE2DICHFELLLEZONS. Mix w/o
token IZDWT %, Standard w/o token FERDZN
R ohize#HMlltE 5. LA L, Mix w/o token
D text-to-image €7 /L%, Standard w/o token O
TNV KD PEHEREDME W 728, textbfStandard w/o
token XD b EMREBRZAENT 2 B TERLP S
Jz. L7»3- T, Standard w/o token 7 —&t v b
TEE LT EHET VO BIULERENR TW 720,
Fl-score 22 2 Z e BN TERI o7, ZoOMoT—
X+t v O text-to-image €7 /L b, Standard w/o
token @ text-to-image ET NI L TH->TW5B 7
®», Standard w/o token ® Fl-score % L[A% Z &
MCERPoREEZONDS. 5 DDT—Xty MIH
WT, HE 123§ % Fl-score 28 E23 5 42 - 72. PPL
¢ Mix w/o token 77— %+t vy +Ti&, HE IZXf¥ %
Fl-score I bk o7z, T, EDHAG DRI
X2 ENEZOND. LR THE N LD, PPL O
text-to-image & 7 VI FEREVEDNS. FETE

Wha 3 &, YIS EEDOFREUE FE L E T AR Bl iE
VIOEBRPEREIND Z Db, ZO, LR
E{RIZTRTRED I RABDOF N3, LizhisT,
ST T VARSI N2 ERERE L LTF
BT5. Z0X512, ZEAED HE O HICEY -
TV eHEflEh 3.

6. HBHDIC

AHFFETIE, Dreambooth T Stable Diffusion 2.1 %
Fine-tune LU, D30 REEH T — X & W EHG DAL
L7z, 27, IWEOET Stable Diffusion %74 Lg%
B3 T, HEOMR KR T —& v bT
HAEE LNV T — a Y EpREY oS EME X
BHI WYL Fhe, BTy TP REEL
R\, KaXFTF—&Xty bOZKMEE EIF3 2
EHHREICIR o 2. ZOFETER SN IZHGEI D EE
TAOIULRED M LICEIR L7z 2 & 2R L 7=

SHROEEL LT, BROBRE I v 7 RXETHY
SEGEOEREGRDONERLERDS S, Z2DD
12, Dreambooth M 35 X — XL ZE T — 2D RE
LB R->TL B TFHEINS.

AR DD, RRICHE2 Ti6ER2 L TLFEE 5
TR E B, EmREE oM EERE, 7 — X DiE
it ZDOMWD F % L TWEEWEEZERFREA
B - BREERINR ST O &R, B X CHINE
AR FEE D ERICIR S L L B £ 5.
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