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PPIG: PRODUCTIVE AND PATHOGENIC IMAGE GENERATION
FOR PLANT DISEASE DIAGNOSIS
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Image-based autonomous diagnosis for plants is a difficult task since plant symptoms are visually subtle.
This subtlety leads to the system overfitting as it sometimes responds to non-essential parts in images such
as background or sunlight conditions. Thus, this causes a significant drop in performance when diagnosing
diseases in different test fields. Several data augmentation methods utilizing generative adversarial networks
(GAN) have been proposed to address this overfitting problem. However, performance improvement is
limited due to the limited variety of generated images. This study proposes a productive and pathogenic
image generation (PPIG) technique, a framework for generating varied and quality plant images to train
the diagnostic systems. In the method, a number of healthy leaf images are generated and the symptomatic
characteristics are added to the leaf part of the generated healthy images.

In this study, we conducted experiments to evaluate PPIG using test images taken in different fields
from the training images, assuming six disease classes of cucumber leaves. The proposed PPIG can gen-
erate natural-looking, healthy and disease images, and data augmentation using these images effectively
improved the robustness of the diagnostic system.
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1. IEL®IC

VIR & D BIEY OIE R R MHE OIK T 235 | Z i
ZEhTEDY, HRAFOEYD 40% HHEYREFIC X DK
HBRTWB L WSHMEND B [1]. 20, s
BHIRA L, BEBHGLHRORER Y DY) ALE % i
Fehkdohs, Lirl, REOBKITER, BFR
REMROHRICE 2 DD, PEGL CEBTHRE
WKEBHDOREREZ-TED, AW - B8R0 - KFRIY
R MREV. IR, Zifi TS YRS
M AT LOBENIRD LN, ZL OWEEFR—
2D HEZWI S AT LAREI N, @VIRBITERE &K
LTEX[2,3,4,5. LaL, PRAFL¥EEMLIIRR
2 FEEM 72 BB TG S EHEIC R LT, RWERE
HELLRTT 2 e WS BENHE SN TN [6, 2).
IHhERCFRE LT, PHEBOZRMELHERT 2
ZedEFens. LirL, THREETRKREDHEIGE
EBROMBTAF TR L3R TH 3. ZhrE2ZlT,
HEREHE TN TH % CycleGAN [7] ZHV, {HLLEMH
G R R R EEEGIC SR T A AL I AT
% [8,9. L2 L, CycleGAN X 1%t 1 3G &% fif
FTEFTALTH B0, ZBHUT X > THERTZ ZEIROK

Bix, BLEOBEICHIRXINS. X512, CycleGAN
XHEGOREKEZT 270, WEOREHBIN 2 FEHE
2T, ARSI NS EIROE RIS LMD,
WY 2 R E R X AL

Z T, AFETIE, 2 RBEOBEBRERZITRS 2L
TEZRRMEDIBLZ T % productive and pathogenic
image generation (PPIG) Z{2% 3 %. PPIG T, K
BOMEEm{GE ) 4 X 6487 % (bulk production
phase). iz, BHEZHET VERAWT, HEEROH
HIRE, KREIWCAER U - E2IEE G o BB
3% (pathogenic phase). ZODFEIZ X DAERIN/Z
e OMENTHIR D7 VR E RS 2, @l drEE RO
data augmentation \ZF|f L, ¥HEG Y £iz 2[5 T
Rt SN BB T 2 TR DB 2 HEE T 5.

2. FiE
(1) PPIG

AL TIRE T % PPIG 1%, 2 BEOEGERE TV
EFRHOWTE Y S ROZHEREREZERL, 0% data
augmentation {Z{EH T 2 2 T, #WIBELZM LXE
21HOFETHS. PPIG OMER Fig. 1 17T
1 B&F D o bulk production phase T, EAE MR Hi5R 2
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FRTE L ETNVICREERBL2FEHSE, S512%L
DTG 2 KEICERT 5. 2 BEF§H D pathogenic
phase Tlk, 2 « HEOLWE YR IEZET LE
v, &b L IEER S N BRIEREGITRHRE ORHY
ZNIT 5. ZHUTED, B2 ORBIAER SN
REE G S, KEBEORE®GEZ AF T 2 Z LAhE
5.
a) Bulk production phase

WEICREEINEL, TTO/ERIREBOED, S Z k)
Z2. Z2D7®, ZO phase Tl StyleGAN2 [10] %
RAWT, WlzetiZes, ARG RS HEARN IR
Wz do, EeEEOEHMREEREERT 5.
b) Pathogenic phase

CycleGAN ZHWT, f@eREEGIC &R E O EE:
BaefMhinss. ZoOF, @D CycleGAN IXHE & 2F
WEBE T, ERENE~X 27525 A0OP [11] #H
W, BEROEROZENZ A 2 HZERBEBICINZ 5.

X BIUY zzh e 2GR, WEREEGO N
X4, EEfre X,yeY % AOP ITASIL,
BERP~R 7 SNEER S, S, 2185, EGEEHRET
MiE, MITED generator (G: X =Y, F:Y — X)
¢ discriminator (Dx, Dy ) Z%D. Generator G D%
HIRIZ1, discriminator Dy (34EKER o/ = G(z)
KYOEGR y, € Y THE2EIZ#T 2. R
12, F 2ZHUCHIET % discriminator Dy (&, A2aKIHE
By = Fy) "AEVOER ©;, € X TH20L 5 0%#H
A3, %72, G: X =Y OFBREOETHEERIZIL
To@EDTH 5.

Laav (GvDY) = Eypaaia(y) [(DY (yS) - 1)2]

(1)
+ Eumopnra o) [(Dy ()]

ZZTa,=5,02,y,=5,0y THY, 2, =5,0z,
ys =S, Oy ldreX,yeY 2RI LIHEBKTH 3.
FfkiZ, F:Y = X OBOTHBRIZUT o@D TH 5.

Loty (F, Dx) = Epopyn(o) [(Dx () = 1)°]
+ Eypanea(v) [(DX (y;))Q]

F7, WTREBRO—BE2RO7-0 0% 4 7 L—BE

(2)

Table 1: 7—&+t v FDAER

Class  Train [#] Test [#]
Healthy 14,379 1,138
CCyv 4,721 1,248
MYSV 10,670 1,468
ZYMV 10,210 3.363
CLS 6,675 491
PM 6,390 1,135
Total 53,045 8,843
HRIFZLLTOETH .

Leye(G, F) = Banpya o) [[F (G (7)) = 2l1]

(3)

+ Eypaaa () HG(F(:‘/)) - y‘l]
X5, RYYOMER Y A REGRE O R OHELIEER
LT Ly ZEAT 2. TREBRIE, ANEBGRYL ZDOHEH
BE~27 LEEBRONETREINS. ZAZHVT,
Lbs ZLLTD XS ICETET 3.

Lbs (G, F) = Egrpgura@) [|(1 = 82) © (G(2) — 2)1]
+ Eypaaatn) [ (1= 8y) © (F(y) —y) 1]

oK EDYE, RHEILEREIRNI,

‘C(GvFa DX,DY) = L:adv(GaDY) + Eadv(Fa DX)
A [Lage (G F) + Lan (G )]
(5)

E7%%. TIZT. MIEKBEBOANT Y R ZRET %
BTHY, AFFETIEIA=10 2 L7z, ZOEKEHE
RMET 2 X5 FEET 52T, BEEHBNDOH
REMWNEFEEGIC T SO E F, ERERIES
ns.
(2) FHEmEER

BEFHEOEIE LML T 272012, F2 v VEL
AT 2 YR O BEIRZ W 2 M RICEEE 21T o 72, G
BERDEE v I, BKARE ey =2 b TA
THIRERRBERE 0 =7 ) StE» &1
fftxhie, EHECTHREZBBICERI AT 20 V) E
D 5 FBOREBRLLEE (cucurbit chlorotic yellow virus
(CCYV), melon yellow spot virus (MYSV), zucchini
yellow mosaic virus (ZYMV), corynespora leaf spot
(CLS), powdery mildew (PM): ) ¥ & MERIE D HE| 5
PREFA L. R LZEBROKEE Table 1 1IRT. %
Eif%13 512x512 pix. 12U HA U7, #AEe LTl
T DM T EfficientNet-bl [12] ZZzhz2n¥E L, M
REZ LEL L 7-.
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Table 2: Fl-score @ Ltig

Fl-score [%]
Dataset
Healthy CCYV MYSV ZYMV CLS PM  Macro avg. Micro avg.
Baseline 65.3 76.9 62.1 82.5 529 59.2 66.5 71.5
+ CycleGAN 65.1 .7 64.0 86.2 53.8 66.4 68.9 74.3
+ Pathogenic phase 67.1 79.9 64.4 84.5 59.4 734 71.4 75.4
(Proposed) + PPIG (x1.5) 69.5 76.2 66.5 92.1 535 76.7 72.4 78.5
(Proposed) + PPIG (x2) 75.1 75.3 73.2 925 59.3 79.9 75.9 81.2
(Proposed) + PPIG (x3) 76.0 76.3 72.2 92.7 555 795 75.4 81.1
(Proposed) + PPIG (x4) 75.9 75.1 71.9 923 571  79.8 75.3 80.8

e Baseline Table 1 1278 L7228 HEI% 53,045
ZEA L.

e +CycleGAN #H @ CycleGAN % HWTAY)
DFE2EEE G2 5 E K L /W EEERZ base-
line 7 =%ty MTEIL, %277 20K %Z
14,379 #2 L 7.

e +Pathogenic phase Pathogenic phase T
AOP Z W HHKHEHZEBML TEEHL &
CycleGAN ZH\WT, AYOREE® G 54
B U 720 % baseline D7 — Xt v MZ
BIL, &7 72O EUE 14,379 iz L7z,

e +PPIG BZEFETH 3 PPIG THEKL -2
HEEGB X R EEEGZ baseline D7 — Xt v
MZBINL, &7 7 2AOMEE 14,379 D 1.5 15
(21,568 #2), 2 1% (28,758 #%), 3 4% (43,137 K),
445 (57,516 #2) 12 L7z,

ETOTF =&ty POFEHRICBWT, FHT—XITH
L C RandAugment [13] Z@H L7z, O, @A
% data augmentation O N=6, ZH 5 DHEE M=8
& L7, mdfbFiEld MomentumSGD [14] Z MWy, 50
epoch ¥ L 7.

3. RBREER
(1) ERERORFEATE

Fig. 2 KA B X OERI N F 2 v V) EE G EZR
T ARSI EEEREGICIE, FTEAREREALT
WEBDRH T, ZNOEREML TEREINTRE
EEGE, TROZ(IIZ sh, BEEBICHRE DR
HfHmE .
(2) HRRERICEK D data augmentation D FFAE

Table 2 B THEE LMAGROMEREZ RS, &
ROEERMZ ZIEREBML TEE LT VOER
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HREHWGE, BE O CycleGAN 2HW5E

D Fl-score WK EMh o7, ZhiF, BEEEGOT R
FIRNEEEGICH 5 EH S Z v T, WEEEROZ RS
PR INZ72DTHIeEZILNS.

X512, PPIG ZHWTH Y 7 R DI % 28,758
BUZ U 72BR, Fl-score b REL o7z, ZD72D,
PPIG Z & % data augmentation X, #7388 D2EE I
BHTHBZehRENiz. —HT, 7—Xty FOH
BRE R X SN X 7288, Fl-score XM ELh -
72 ZHUE, EREREICER L ZBRICE DL REEDTE
kb, @ISO EM L EREGREEE LD
ThdreEILNS.

¥ 72, PPIG ZFHWVW7ZHBED CCYV i3 % Fl-
score X, baseline X b b {&»r-72. ZZ T, Fig3d ik
AMID CCYV, R EN7 CCYV, PPIG(x2) 7—&
oy FTEH LZMBIEPIEL KD L LIEE - T
L7z CCYV OEigH %3, £fZXhiz CCYV D
BRIE L K @Al X -, ZDMEIRTH 2R
DERDEDTRL BT W=, —T, EHlans-
E{RICRNIIERIZIG 072, 2D Zeh s, #AlEH
HWVRER T oA KEBREYZ S FE L, FMAE S
CEENBRERFHOB[OEBGEEHA L2 EZD
na.

4. BbHHIC

2 PR OERAERE T AEZ AW PPIG 1L D, &
Mz ¥ 27 VIEREOEBGOERI NI, 51T, EK
G %Z B DB W2 2 2T, FHOZKIERED
MET 2 2RIz (T 2 HERE ORI E M
WTE3FEEACT, KO ERREBRERERAS Z
EWEEND.
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