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[Abstract]

With the development of deep learning and the advent of CNN(Convolutional Neural Network), research on image data classification
has been actively conducted. However, performance is deteriorated when an image dataset having an uneven distribution of classes is used
for training a CNN classification model. In particular, diseases in plants occur aperiodically and unbalanced image data is provided. In this
paper, we evaluate the impact of DCGAN(Deep Convolutional Generative Adversarial Network) image data augmentation to improve the
performance of CNN-based tomato disease classifiers in situations where unbalanced image data is provided. DCGAN is a generation
model specialized in image data, enabling stable learning and effectively extracting image features. For performance evaluation, the effect
of DCGAN image data augmentation on a CNN-based tomato disease classifier was measured using a tomato disease image data set, and it

was confirmed that the accuracy can be increased up to 30% through image data augmentation.

http://dx.doi.org/10.9728/dcs.2020.21.5.959 Received 16 March 2020; Revised 15 May 2020

This is an Open Access article distributed under Accepted 25 May 2020
the terms of the Creative Commons Attribution . . .
LI Non-CommercialLicense(http://creativecommons *Corresponding Author; Kyungbaek Kim
.org/licenses/by-nc/3.0/) which permits unrestricted non-commercial
use, distribution, and reproduction in any medium, provided the Tel: +82-62-530-3438

original work is properly cited. E-mail: kyungbaekkim@jnu.ac.kr

Copyright (©) 2020 The Digital Contents Society 959 http://www.dcs.or.kr  pISSN: 1598-2009  elSSN: 2287-738X



Ol X2 28l = &3] =& X|(J. DCS) Vol. 21, No. 5, pp. 959-967, May 2020
LM B 9] 54L& 7K 4L oIS AT 5 itk o8 B3
o] DCGAN R.8lo] 4% 49| 542 8%:417)31 44 o]
Seglo] Wbz ola) Rge o] sbsalda sl wE] VNS &g Zelzol tistel BRI olelAe] e %
oEle] el me} el e whe S sk Hey ol NN A8 A 518 S
o A1910] A7), £4 A4 5 v Bopld HEA A AL 71S] A 5BIE A3l 4%] Erhe 2 ofu)X

RS o 1 vj7delli= CNN(Convolutional Neural Network :
F A7) 714 o] 2 AFS 713l 53] oA
ofl 210 CNN-& 7]59] K-NN, SVMZ-2 w2l ]y 2} v] i
$43 A7} 2 7110 AA ONNE B8 olv]
57 3 8lo] 9t Q177 ksl 419 31 gl

weo] Shgoll i SR P} RAF S 2
35 7R dlelE] Alo] o] A otk shA Rk A Al = Al e ¥ = Tl
oJE] M| thE2 ST vt Aje] Afel7} EA T 53
O|F21H &Y EoH13][14]001M = 2 zbol 7} 37ds] 2 A
7} Btk dlE 5ol WSl om|A| 9] A9- 143k 919 o|n] A
7} Aol ™ 9le] ojn ARt Ay @oH R flo] 1 Pﬁi
gl 2ol 3l A F5= dstol wARI) o]
Ao 83E ONN 25 292 4579] HojE

£ AE BRY A0 FolHm o]

of| fed kS mX Al ETH1].

S vloly AL sAas] AE A2 i 22
AA = dHlolH AEH 71 5ol A= ek HolE MED
ol B+t 63?‘} tol8E w3 A B7] 9138 S22 dlo]
B g A4S 7He2, U Z8l2(Majority Class)f’/]
do|H v A5 SE2x(Minority Class)®] Hlo|H & 58+

WS E_‘H 3%%‘( over sampling)°]2} g} WSl &=
/\

WS 2 Fefng] HolHE HAlshs AE uAlEd
31]_ K-NN ol— _E.Q_ /\},g‘f)‘]_l: []0]]51 ?‘5‘1‘/‘4 7]@?_]_
SMOTE(Synthetic Minority Oversampling Technique)[3] 5©]

AR

Z2efi} om]A] Hlo|E el gk Q¥
ek om| A= we A= 4 14 4 tlojgoln =
7kl AFAIAE Felsle] 54 (feature) S Zrol]= Zlo] o]0
A1) e olth 53] Ael o]n|x] ] Z-9- A2 ajordd
2 B Hads A=t K-NN 7]89ke] SMOTE &-arte]59]

A3z g

E‘

e gHe 7}

A

7574 3be) IAE Follo] AlZe A oWl E e
Qo) AztelA] L) w3k %E—] [®) tﬂ/\ﬂ zZg 7o HO}/Q]% Zol3)
GolElE WEAom Shray] WFel ¥ welo] T
(Overfitting)d = Ak FH<L o3t TAE S5317] 28,
GAN (Genarative Adversarial Network : A3/3%] 2o} 21747

T MEYIR AR AE AT F2)E o] 43t oln|
A] "lo]¥] &7 (Data Augmentation) 7]Ho] #| k= a1 T}

o] =Fol4+= DCGAN(Deep Convolutional Generative
Adversarial Network)S ©]-8-3l o]u]X] dlo]g] & 7|HS
CNN 7|9ke] 770l #-&sh= WS ARl 1 d5<
H7Fetl. DCGANL 7]E2] GANel o]=]#] Hlo|E 2] E4&

0=
AP0 358 5 3l ONN 728 Ggtowy 93 ojy

http://dx.doi.org/10.9728/dcs.2020.21.5.959

960

tjo]E] A& AME-EFSITE CNNYIRE BEvlE Ay 257
skl dolA, 3 331 ofwA] volE] Al Bt gk o]w|A|
tlolE] A, enHE el ghgo] A8 dHoly Al A}t
3 DCGAN &2 7]uke] dglo|g] 8H-do] 285 do]E] AL A}
2313t 2+ 9o oi8llA] Precision, Recall, F1 Score,
Accuracy = 574310 55 H7lstoh

o] T=-o] 4 thert 2tk 27804 ONN 2571 B
olmA] Hlole] &2 AA ATl tia] 7]&sth 3 A= E
nhE A¥ ofn#] Ho|y A3} o]& &85 CNN7|YF EntE
Avy o]n|x] -7 B elof 3l 7]<3}aL, 47l 4= DCGAN7]
Hhe] oju)=] dlolg g 7ol gl3l] 7]t} 573l A A A
dlo]E] AlS o]83 DCGAN7Z|HES] o]u|x] dlo]E] &Hdo]
CNN 7|8k Evfe AW 277] Aol nxe 43S Bt
i1, 670l A o] v=to] ARE Ve dt

=21 =

]e 51_/\

. g =2

2-1 CNN 7|4t 0|O|X] 27

CNN[4] AR Heid EokellA 7 gol /\]”&515 oFaL
2] o]t} Convolutional layerE 3 542 A5 o2 %3}
™, 25 5L pooling layerES 53 J3le ) 548 7]t
S 2 CNN2| vFA 2 layeroll A 27 2Fdo] 3t} CNN2
22 A719] fully-connected layer 2.t} o] -2 32} ] E] & A8
ste] B 52 &7 Aee Btk

01316} CNNS A3} o|m] =] Ho|H & 73 2Hd
v‘i‘okoﬂ’ﬂ o] 7o} At} Zhang[5] &< CNN&| 7= gh
2 ge E.HO]J_H/H 17 ERAL o] 1] A 2=
2 LeNet 7]1F2] CNNS A&
]U]Xlg ko] J‘J’} A A= AWs At
3Tk 3, Razzak(7] 5> Held 710k QE
ZPJOH et AES vuehaA g oA E FF
o] CNN 29| KLdlo] Wol A& =i 7 A

T Co

o]

E

qm

=
=

(¢}

it rf

2-2 QHMEZIS S5t 0|0|X| HI0|E] 2HF
on)#] glo]Eo EHEL

u]X]E A As NS

A& ol w7HA 9| Olﬂlﬂ EAE F8l

BAg o|u A2 A7) 98] Ao Bel Al

7o) sl

o o oﬁ‘u



Ak 3
o BA% OM SR Exﬂ
=29 2R W) m_; A 14 Hjolels

adall Hue 37149 14 TR

&?
i
K}

2-3 GAN 7]gt2] o|O]X| CIO[E] 2Hz}

SHAZERES Bg dloly Ege] A3 o dAE
A3t ettt FEokoll A Goodfellows©] A|<HsH
GAN[8][12]& &-&-3F o|u|A] oy g A+7F W= Atk
Pinetz[9] S MNIST H°|EIE EHd3sA Z4ds}o]
DGAN, RGAN, DAGANS: 55t o|u| %] to]E] &7 2] CNN
Bl s Hldﬁ}‘ﬁﬁ} Al B9l K5 DCGAN®] W3 2
ojm x| A &85 dlolE 23} vlaLsto] GANS
gk dlolg & 71%01 113]21 Foll 2784 Faks mA
52 28It} Maayan[10] 5

lol8] 5ol ol a2 4
Lokl Al GAN 7[Rk O] v s T W

719 s i S AlREeIGItE HolES] label
XJE—‘ 2ol 3]"/:’\] |31 A dlolE ] s i d F
2+ ACGAN(Auxiliary Classifier GAN)3} DCGAN A}
gsto] olmA] dHelHE sl H] s}
DCGAN©] ACGANKE.U} 7HYH 771 8] A5 5 ol &
S BTk 3 Fang[11] 52 vlha) 1) 9] H-5-o w2
o|t] 4] oA & ¢14&k= CNN 2Hle] 4455 i8] <
3l DCGAN< & &F o] 1] A &5 A|¢ts3lth

o] =AM e AE A, 53] BEvlE Ay 01”]7]% i

5= ONN 257710l 4] A e = Q)= o] =
DCGAN 7]%ke] o]m|=] dlolg] -8 &3] s 4T
= g7}

[e)
AnASIE=

[e)
AnAsIEE

_Vﬂ,
o
[':LI
ot
o,

[=]=]]
e

. CNN 7|d} E0lE ZH o|O|X| BF

o] Zol A= WA glo|E|e} 71 EA o] tldte] A slal Enl
Eo] Ay B3 zlS ¢ja) Aeksk CNN 720l thal 7] <3k
=3

3-1 E0fE 8 Ojojg] M

o] w=oll A ARGk ofm]A] HlolE] Ale: waled S
kaggleol| A Al &sl= 212 A do]8] A<l plant-disease S At
43131 T]. plant-disease = A}, EVLE 5 TFFsH 2] oA 1
Elfis Aol THEZE train HIOJE 9} test HoJEE ATt
th[13]

ErtEe] A HlolE] 4572t Healthy tlo|EE A Eiake]

CNN 7|¢+ £0LE A 255 915 DCGAN Olo|x| tlo|ef 2Hat et

961

Ao /\}4‘1'6}031:}. A Zkr}o] TS 71X +=H, Bacterial
Spot2] 7% Qlofl @)= A = okl o) XJr—"— BRko]
%‘*33&5}. Late Blight= 3|54 9] Wqto] Wkaslo] ol Ao
oA o 2 SElt) Target Spot Imm 7] wke] Ey72] sk &
oko] g uhE o] o] A iﬂi gl ¥t} Yellow Leaf Curl 21¢]
A& FAEY ™ =2 A HAET Healthy™= o] gk Ao
T AgA e Xé*bl tlolEl & o] gtk gk, FAkeE A4

o} Fehel Wuro] MAyskE AWl A5 BF A £51
glor] poliz F4o] Y5 4o P9 ARH FH7H Ao

< gick

tlo]El= HH o] Fa|7} Kol ErnpEe] 9l sy &
sho] ZH7te] OlJJrﬂE Zog gt ojw| x| o]t. - KElo] sl
Wal7tE e 2o] S FHasls] sk v
7S vieko = Olulrﬂ«l FE7F B Ho|w=s HJHIT
Zod ¥l tlo] B = 256x256 A Afo] 2E 7w 1] 17} 7o)
R, G, B 3719 Ad& 71A)= A o|n|x]o]t.

N2 AW B9 2 FRET IR 5 Uk O, G5 5
of bk vy 1slo] vhez/] uhieo] Hole] o] Wil
slck. 53, Bl 79 4y SFvict dlole] Aol 2
]7]- 2312, Yellow Leaf Curl 9] o-roﬂ—‘ glolej7F = A
ol v]8) 38) o) ko] HolB7L EAlsH: AT A4S &
Q1% 5= 9.
Bacterial Spot
Late Blight
Target Bp(;[
Yellow Leaf Curl
Healthy
J8 1. EotE 2 o[o|X| HO[E{ Al OfA|
Fig. 1. Examples of tomato disease dataset
3-2 2 ojnjxl R 2
A= A B wEe] TRE g 29} Pk 5 53
& 53] vaat Bolol M o]mlA) 27 Aol ol g 1
?1 CNNE AH83}o] 57)] Fej2g TReHES Gk ONN &
F719] 18 olvl A el FUE A e
32x32 94 Alo| =29 e AEY S aska 2 A gk
http://www.dcs.or.kr



C| x| = 28l X 5}3| &= 2X|(J. DCS) Vol. 21, No. 5, pp. 959-967, May 2020

= 0~1 Alo] 2 At} ap3ith

Aeksl= AW o]n]X] 7 Bl convolutional layers}
1 %-0]] A-8-%]+= max pooling layer2] %Fo] Al 7l EAghc} &
koA 7] HE] S8l ER/E 98] v fully-connected
layer9] activation function .2 softmax& AFE-5lo] &5
o] &gkl wef Sel2~E A%t Convolutional layer®]
activation function.©. 2= ReLu 35 A28} 11 loss function
© 2 categorical cross-entropy = |4 3}31 T}

T dlo] 22 500 epoch, 100 batch size® O] F AW 4
315 130 optimizer= Adam= AM3IITE. §HH, 35 5 7
T o] 33 E| R QFEE early stopping A A S callback $H~
2 Ao, 25%2] 77 o] dropout ¥ == A7

e

)

Maxpooling_2

Conv2d_3
8*8*64

Input data
32*32*3

Maxpooling_1

Conv2d_2
16%16*32

Conv2d_1
32*32*16

Bacterial Spot [_]

Late Blight ]
Target Spot [[] ¢\

Yellow Leaf Curl []

Healthy []

Dense
(number of label)

Flatten

J8 2. CNN E0iE 24 olo|X| E&/7|e| #=
Fig. 2. Architecture of tomato disease image classifier CNN

IV. DCGAN 7|t ojO|x] Cjlo|E{ =&

tlo]E Al Argol| A g3 nfe} 2o, 2
5ol AR7FsE o]m|A] HlolH Alo]
Aes "ol = it o]
%3k dlo|El 5 F714 o2 nelste] ONN A 157
T WWINTIE 7IHel Baslth o] go)A= DCGANS
B A 23 EntE AW o|u|X & AAste] o|w|A] Hlo]
gt ol sl A it

DCGAN®| 7]30] ¥]3= GAN 91342l dlo|el 5 A4 s}
= Generator®} /3% 71 HloE1E A+ dlo]E ¢} vl
3= Discriminator2 743 ¥ Th. Generator+= Discriminator
7 A dlolE et e 4= =S frALgE vl B & A el
o} 3}, Discriminator" Generator”} A4 3+ d|o]E] ¢} YE o]

OBl 28] 8 5+ Qlofok k.

9]
CNN #7719

=)
e
3
E
S

VD@ =B, () logD(@)] M
+E, llog(1— D(G(2)))]
http://dx.doi.org/10.9728/dcs.2020.21.5.959

962

=

R

= e 2] (1)e] 54
ARE-3IT}. G Generator, D+= DiscriminatorS LERH

A
=
o

Q
S
i
ol
o,
IN

o K

=
e
K
o T
o
o,
ay)
T (%

ok T o -

ERIEMRERCS

) =l

=

-

A0S 83ty ag7]e) ¢
[e]

rot
o g

ol

FKl
p

D(x) 1, Generatorol| 4] A3
Yoz uh= D(G(z)E 02 &8t
, Discriminator= V(D,G)E & t3}sl= A o]
9HH Generator=  AHAlo]  AJAEE  HlolHE
Discriminator”} < Edo]Eglal #edsiA] ThEojof slu =
D(G(2))7} 10] %% A= o]= V(D,G)E HAsteh= A
¥} 2t}

o o

—=

o,

oo

AN

=
o

¢

o

o
-

ol

IRs]

KT ox riE L 0

J
2o o

I

real

(o
Discriminator b—‘
z Generator X

J8 3. GANS| =
Fig. 3. Architecture of GAN

fake

il
s
oo
ol
ol
2
fm
=)
fm
()
ok
-
=)
>
e =

B & Békste] Bt tolHAlS
o] =1oll A A9reli= DCGANS] Generator= s
(Uniform distribution)°l 4] 1007]] 3} ooz WEIS
1o} 32x32x39] Abo]=E 7= ErkE AH onjAE &Y
SH}. Generator] 325 13 49} 201 8x8x256 Alo] =]
fully-connected layer®} kernel AFo]Z = 5x5E5 A&-38l= 47119
deconvolutional layer® -/J*1}. Transposed convolution®] &}
E-2]% deconvolution> Ad Aol 08 7181 convolution
AAE Ho = F8¥s= otk 4719 deconvolution layer
Z 1A == 2719 layer Aol upsamplingS -85}t
WS vl 9} oo & A 9] gt Z} layerol| batch-normalizationS-
A-gate] 9 dolH o] w27t TAUS W Het i} 2hks =
Aato] QgF 0w B5S Fdstaat s3Itk BT layer®]
activation function.© 2= ReLuZ x| &{3}31c).
Discriminator= 32x32x32] EVlE A o|n|X] & Q==
AR AQ CNN 224 1= ofr] A7} 1A )l 4 o=
A= o)) x| 21%] AA I} Discriminator?] 1%+ 13 59}
2o 4719] convolutional layer$} 1}+2] fully-connected layer
7} &A%k} Convolutional layer2] kernel AFO] 22 5x5, stride

R
T

k=
=]
A



4715 28 AAEO ZH pooling Zlojoie} 12 A F47}
HaE), vl = JayerE A% EE layerolli= activation
function &= Leaky ReLUS AF8-5}5] 31 wA] 2 fully-connected
layer®]| &= sigmoid& 4-§-5ke] A& Fh& Zall ¥ o|n|x|¢}
Q12 oW A& Aekghet

project

& deconvl deconv2 deconvd deconv4
reshape

F 2 2N

Bx8x256 30x32x128  32x30x64  32x32x32  32x32x3

=

Noise
vector

13 4. Hokst DCGAN Generator T+&
Fig. 4. Architecture of Proposed DCGAN Generator

Fully-
connected

4x4w512 1

conv3 convd

g

o AxcdxB56
39%3053 16x16x64

8x8x128

a8 5. A okst DCGAN Discriminator T+
Fig. 5. Architecture of Proposed DCGAN Discriminator

AFehs DCGAN REl-S 53 EntE 4w oju]] gL
BinaryGAN e 2 71453t} o & E°] Bacterial Spotol]
gk 132l on| A& REE7] f1eiA] Bl Sl Hlo|E vt
AHEBEGl o s Aol A thE AW Feae ARESHA] &
=tk o= 2 A 281220l tig DCGAN Relo] EAah= 4l
T} .

8H52 Generator9} Discriminator”} HEE-2] © 2 ¥ Zbo}7hm
o] F0] 11 2000 epoch, 40 batch size = X 83} T} H 2512
18} optimizer 2. learning rateE- 0.0001 2. 4274 $+ AdamS- A&
I AL LeakyReLU2| 7]€715 022 X]7d3c}). gt Rdlo)
A S 7] 2131 Generaotor] 40% J71¢] dropout™] ==

st

V. 45971 ¥ B4

o] Aol A= Akeh= DCGAN EElS E3) A4 <l
2 o]n| A & B3t o] %] HloE] o] CNN #2571 1
Fee Hrrslr] 18] Ssid A 2 AyE 7]&ei)

[e]
N ol
s

5-1 &g 24

252 3140l 713t dlo]E] AlS o] &3], BASE (73

CNN 7|2t E0tE 2 &/ 5 /8 DCGAN 0|o|X| tflol&

963

EtAF A5k

= S

gt

743 o] #] wlo]E Al), IMBALANCE (@3 o]u]#] H|o]
H Al), 0S-AUG (2HAE" dlofE] ggo] 485 dHlolH
Al), DCGAN-AUG (#12}3F DCGAN 1. 7]4ke] Holg &4
o] A-g-5 dlo]E] A)e] v 714 8] & CNN EvtE 2+
HH719] /35S vlal EFleh AR HlolE] Al 47)] A
W Z)|2x(Bacterial Spot, Late Blight, Target Spot, Yello Leaf
Curl)$} AHol] Ae]#] ¢ Healthy e 9] & 57)1¢] S~
2 o] ek

BASE®| 79, X 229 o|u]A] dlo|H Ale] A7]7}
4000722 FA 5o gt} v, IMBALANCE®] 735, BASE
oA EntE AW Fe2 shte] oju]A] dlolE /lE 4007
o2 FQIt). o] dhtel HH F2~r) thE lolEld]| H]F]
1/109] W& 7171 B P ok A5HS 7g st Aot o] 8-S
R AW 22 488t

OS-AUGT IMBALANCE®] “J3ol| A Al oMAlEdS
ARg-ato] Bt g FEl27) 7HA = 400732] o] m]A] HlolEl &
| 52 ol A 109 HA18ke] 40007302 SgA 71T

nl2] 9o 2 DCGAN-AUG IMBALANCE®] 3ol A A
QFel= DCGANE 25 ARg-5to] B+t 8§k S 229] o]n]=] ©
olf] & 533t A8-S 73] WA IMBALANCES]
L g S 2= o]n|X] Hlo]E 40075 AIFEH= DCGAN &
ol SFAIA 3600782] A =2 o] WA E BT o] & 7]
Lo B S0 dloH e FTlste] BE S22 o]v]
2] dolEl Al =75 4000402 EUsHet a8 62>
DCGANL.Z Yellow Leaf Curl Z2j2~0l] thall A3+ o]m|X]

F Qpolth

33 6. DCGAN2Z A3t Yellow Leaf Curl O|o|X|
Fig. 6. Yellow Leaf Curl image generated by DCGAN

7} PR S0 K= o]n]X] Hlo[E] AE o]83}e] CNN

A olw|A] E771E SEAI71 AL, T wRr1e] 4

H7ME 98l 2+ 282" Precision, Recall, Accuracy,

Fl-scores S7d5k3leh AW o|v#] 72 213 CNN Zel}
]

93t DCGAN 29 T3S 213 Keras

http://www.dcs.or.kr



C| x| = 28l X 5}3| &= 2X|(J. DCS) Vol. 21, No. 5, pp. 959-967, May 2020

framework S A3} BE &5 742 NVIDIA GeForce
RTX 2080 A}-8-3H= GPU 73l A =333t

gH, EntE AR Sa29] o]Fo] A7) wiel, o] Fol=
Bacterial SpotS ‘bacteria’, Late Blight™= ‘lateblight’, Target
Spot2  ‘targetspot’, Yellow Leaf Curl ‘yellowleafcurl’ =
W7ste] 7]ght

5-2 WAIAS 7|4 MSEHIL

2} 248 0170 o|ul ) HlolE] A% olg3ke] 5-fold w3}
Fal, ONN 277191 452 Frhsloiet. wat 452
glzse] vlole] A 57| AER Wi 47) Al
& 17} AEE B7hol ALgskgom 37t AES o
uH7be] 5 swel e Qs Aste] Birs
A% Aoz Aesisinh, madgel a7} o)y

A 229 57 A5 23U Precision, Recall,

precision

07

IMBALANCE ~ 0OS-AUG  DCGAN-AUG

BASE

H=o

a8 7. 5-fold Wit A& S5t Precision H|1
Fig. 7. Comparison of Precision with 5-fold cross validation

095 /7
7
7
7
os Zf
Z W bacteria
085 %7 « lateblight

> targetspot

08 7 yellowleafcurl

\

o7 T T |
IMBALANCE 0OS-AUG  DCGAN-AUG

BASE

H=o =351

Oo= o

T8 8. 5-fold Wkt Recall H|
Fig. 8. Comparison of Recall with 5-fold cross validation

http://dx.doi.org/10.9728/dcs.2020.21.5.959

964

M bacteria
1! lateblight
*targetspot

f1-score

08 . wvyellowleafcurl

07

BASE IMBALANCE ~ 0S-AUG  DCGAN-AUG

38 9. 5-fold wxt A2 &6 F1-score H|u!

Fig. 9. Comparison of F1-score with 5-fold cross validation

095

os
M bacteria

! lateblight
“ targetspot

accuracy

o . v yellowleafcurl

07

BASE IMBALANCE ~ OS-AUG  DCGAN-AUG

18 10. 5-fold WAt AEE S8+ Accuracy H|
Fig. 10. Comparison of Accuracy with 5-fold cross validation

(1) BASE : A% #7} 23} <3 1>} 201 BASEY] 7
G BE S22 - Accuracy 7} 95% 1731 A& 1T
ARt

E 1. BASEQ| 5-fold nXtHE2 S5t s "ot
Table 1. Performance Evaluation of BASE with 5-fold cross

validation

precision recall fl-score accuracy

bacteria 0.954 0.988 0.972 0.98825
lateblight 0.99 0.96 0.976 0.962
targetspot 0.984 0.954 0.97 0.952
yellowleaf 0.992 0.97 0.98 0.968
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