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ABSTRACT

Crop diseases affect crop production, more than 30 billion USD globally. We proposed a classification
study of crop species and diseases using deep learning algorithms for corn, cucumber, pepper, and
strawberry. Our study has three steps of species classification, disease detection, and disease classi—
fication, which is noteworthy for using captured images without additional processes. We designed deep
learning approach of deep learning convolutional neural networks based on Mask R—-CNN model to clas—
sify crop species. Inception and Resnet models were presented for disease detection and classification
sequentially. For classification, we trained Mask R-CNN network and achieved loss value of 0.72 for
crop species classification and segmentation. For disease detection, InceptionV3 and ResNet1l01-V2
models were trained for nodes of crop species on 1,500 images of normal and diseased labels, resulting
in the accuracies of 0.984, 0.969, 0.956, and 0.962 for corn, cucumber, pepper, and strawberry by
InceptionV3 model with higher accuracy and AUC. For disease classification, InceptionV3 and ResNet
101-V2 models were trained for nodes of crop species on 1,500 images of diseased label, resulting in
the accuracies of 0.995 and 0.992 for corn and cucumber by ResNetl01 with higher accuracy and AUC
whereas 0.940 and 0.988 for pepper and strawberry by Inception.
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Table 1, Dataset for crop classification,

Label Image Annotation
Corn 210 353
Cucumber 344 340
Pepper 180 408
Strawberry 250 381




Deep Convolutional Neural Network(DCNN)S 0|88t HSH =XS0 SR 2 28 )| 1659

Disease Detection Dataset
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Fig. 5. Dataset for crop disease detection,

Table 2, Original and augmented dataset for crop disease

Table 3. Dataset for crop classification,

Species Label Category | Amount
Original 41
Common rust
Augmented | 1,500
Original 144
Gray leaf
Augmented | 1,500
Corn .
Original 20
Leaf streak
Augmented | 1,500
. . Original 33
Bacterial wilt
Augmented | 1,500
Original 202
Anthracnose
Augmented | 1,500
Cucumber .
. Original 223
Downy mildew
Augmented | 1,500
Original 838
Gangrene
Augmented | 1,500
. Original 125
Pepper Mosaic
Augmented | 1,500
. Original 255
Bacterial Spot
Augmented | 1,500
. Original 31
Powdery mildew
Augmented | 1,500
. Original 33
Strawberry| Green blight
Augmented | 1,500
. Original 112
Spotted mite
Augmented | 1,500

detection,
Label
Dataset ;
Category Normal | Diseased
Original 875 238
Corn
Augmented 1,500 1,500
Original 466 425
Cucumber
Augmented 1,500 1,500
Original 404 1,218
Pepper
Augmented 1,500 1,500
Original 402 176
Strawberry
Augmented 1,500 1,500
(Fig. 6). Table 32 Z Z& Fo Ut A &
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Fig. 6. Dataset for crop disease classification,
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Fig. 7. Examples of rotation—based data augmentation
of crop images.
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Fig. 8. Examples of image synthesis using cGAN of crop
images under the column of “Predicted”.
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Fig. 9. Mask R—CNN architecture used in the study.
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Residual Network V1
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L Weight Layer
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Activation Function
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Fig. 10. Resnet architecture used in the study.
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Inception-v1°)| Al Inception-v47FA 47}A] B Z o]
MEHAT I 5L zZl‘ ZEE 1x1 con-
A=, o] A

volutiong 7}A 3L £ 1x1 convolution

Inception Module

Concatenation

=

Max-pooling

3x3

Previous Layer

-

Fig. 11. Inception module used in the study.

o] & v} vmate] AFAAFE oF 108] =Y
Atk 2E 9 mpA ] 9l& Concatenatoin &2
7t 5& ddste 988 drh(Fig. 11).
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%f& GPU7} %36}71 oﬂ Mask R-CNN 8¢5 74
o A4l CPUS} GPU(x4)E EF AF&3}9] Tensorflow
Framework ¥ CUDA-GPUsE W& Ate F335}
Aot GPUNA 8h&3tH ™ Nvidia =2Fe]H, CUDA
toolkit ¥ Cudnn 2telB & &Y Al 7FA] 74 847}
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t}. Tensorflow Framework(TF W3 2.4.1)& Mask
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Dataset Setup

( AmnotatedData TF Record A
Annotation json Split Data
: B | ! File: Train.record
Train.json 70% B ] ,  Annotation
\ T Information
" ST Images
Validation.json | o\ &
53 [ 20% |
. File: Validation.record
Test.json TF Record FJ\ : - Annotation
- A L - o
Encode L & Information
(JSON data) Images
File: Test.record
- . Annotation
—— 3 4 Information
; 3 Images
S meges - ,
4
GPUs Setup TensorFlow Model Framework (version 2.4.1)
,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, 7 N
Train
Nvidia Driver CUDA Toolkit iUJ)NN Configuration of Mask R-CNN Model
ibrary
V. 470, V.11
(V. 470.94) (V.11.4) (V.8.2.2)

model |
faster_renn {

num_class
resizer |

width: 1024

feature extractor |

type: 'faster_renn inception_resnet v2 keras'

Fig. 12. Training environment of crop species classification by using Mask R—CNN model,

7] ¢38l Tensorflow ¥ Z=(record E342HE 2=
93lH, Fig. 12 #d W&S Q93T
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25 AR A ol MEA oA+ EFH e
AGEL A 2 Ay FPoE FEE, vzvbA

7 HolE AES EHel
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3 ResNetl01-V2 APIZ 74341, #&d &S
Fig. 139 8 9Fs} .
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p Crop Discase Detection Dataset TensorFlow Framework (version 2.4.1)
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D Training Split || o
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Normal N m K (Network)
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! (Network)
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Crop Disease Classification Dataset M A 4
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Fig. 13. Training environment of crop disease detection
and classification by using Inception and Res
Net models.



Deep Convolutional Neural Network(DCNN)E 0|88t HESH =X

Table 4, Configuration of the model,

Training Variable Value
Input size 1024x1024
Learning rate (Ir) Lr_cosine_decay= 0.0-0.008
Batch size 4

faster_rcnn_inception_resnet_

Feature extractor
v2_keras

Transfer learning on| COCO pre-trained model

andom_horizontal_flip {
keypoint_flip_permutation:
keypoint_flip_permutation:
keypoint_flip_permutation:
keypoint_flip_permutation:
keypoint_flip_permutation:
keypoint_flip_permutation:
probability: 0.5
}
random_vertical_flip {
keypoint_flip_permutation:
keypoint_flip_permutation:
keypoint_flip_permutation:
keypoint_flip_permutation:
keypoint_flip_permutation:
keypoint_flip_permutation:
probability: 0.5
}

SO w N O

Data augmentation

= 01w O -

Transfer learning Yes
Epochs 1000 epochs
Evaluation model 100 epochs
every
Training time 13h51mn
42 M2 B5 27 Y Mzsl

o] AgoA &E FF EFd do] &< (Trans-
fer learning)< 283} Hth. Sh<5 ZE EF dlolH
AE ALEE= AHd Fd89 2d2 COCO HolE
HNEE AFE3SFATHE00K ©]v] A Z, >200K ©]w] =]
of Tl #olE A A, 1505 A =82, 8070 7l
A AF O G5 BE, oA 7 57l ). B
g ol AMgE AL oluAe =] = 1024

A

\0
O
Ju
o
A
0%
M
I
N
IS
—
)]
o
w

x1024, WX =7] = 4, SFEF F10.0-0008= HH
P, Ao) g5 A HolH F346E0% FE2 F
29 38 g 2 H37] 48 A8t 2
g5e s FAL B2 A (Table 4).

o] g ¥l wel Mask R-CNN =229
training loss& BlA3tATH o] &< IFevEHE
A% UM A vtelulEE Table 49 2 FASZ
g5tk Hlw A3 (Table 5), Mo] &3 v o] €
2744 AH83F Mask R-CNN9J 850l A training
loss7F 7F& A 0](0.72) A¥tA o2 Sh¢zo| o] & <
P RoZ e

4 FAA 49 == 299 3l
= Y olu A s F Y HEYA B !
Aoz stFstAnt. T AAFA BF REE
Inception-NetV3 2 ResNetl01-V2E AF-&3F3 1L,
289 A2Rlx 9 oA = Shgol A-838k7] el
2 3 A AR SE5S A 2L =Y
< ZA317] A8l E5384E, FE=(Accuracy),
ROC-AUCE Ar&-3te Hrlstsdrt.

InceptionV3 2 ResNet101-V2 =2 3+<59] H) o]
B 702 £ 7], 73 #J37] 9 49 FHH
71E A&3te] 4 o|n|AE WASAT &A= 2
22 dlolel AEoA #olEY 1500712 olu A&
FAs AT &5, Q0] 1F W] ZEQ] o]uH]|R]
E 42 Z InceptionV3 2@ ResNetl01-V2 &=
98 o] 8% AE AW A ERd #Ag AHE
Table 6 & Table 791 A AlStA T

2= AW gA O gEl 4714 ZFE o =dd
5 B37F A34E 5 7ag 3 AR
Hw st Atk 52 AW §575 "3 2 2w
ZFY 29 F 7R FH2E A F InceptionV3 2
ResNet101-V22] 24 A5-& AA| gk vlnshod,
5 2ol AW e AR W3 ojnR] sk

AR Aol = olH A H&S FUZ(Preci-

»

12 AL
g fo e

of o
a

oX, OlN

Table 5. Total training loss of Mask R—CNN on transfer learning and from scratch,

Transfer Learning

Total loss of Mask R-CNN
on transfer learning

Total loss of Mask R-CNN
from scratch

None-Augmentation 1.37

1.03

Augmentation 0.72

3.69
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Table 6. Evaluation results of crop disease detection of augmented data by precision, recall and Fi—score,

Architecture Model Class Precision Recall F1-Score
Diseased 0.46 0.46 0.45
Corn
Normal 0.55 0.53 0.54
Diseased 0.98 0.89 0.94
Cucumber
. Normal 0.89 0.98 0.94
InceptionV3 :
Diseased 0.93 0.97 0.94
Pepper
Normal 0.98 0.94 0.96
Diseased 0.91 1.00 0.95
Strawberry
Normal 1.00 0.92 0.96
Diseased 0.98 0.83 0.90
Corn
Normal 0.83 0.98 0.90
Diseased 0.99 0.89 0.93
Cucumber
Normal 0.90 0.99 0.94
ResNet10-V2 -
Diseased 0.10 0.66 0.17
Pepper
Normal 0.53 0.85 1.04
Diseased 0.89 0.98 0.94
Strawberry
Normal 0.52 0.91 0.66

Table 7. Evaluation results of crop disease detection of augmented data by accuracy and area under curve (AUC).

Architecture Model Accuracy AUC
Corn 0.984 1.000
. Cucumber 0.969 0.970
InceptionV3
Pepper 0.956 0.970
Strawberry 0.962 0.970
Corn 0.978 1.000
Cucumber 0.964 0.820
ResNet10-V2
Pepper 0.730 0.650
Strawberry 0.967 1.000

A e Zo=E AAG A vES Ad
2 52 AU QLS e o 2 2dS U
Elll= AZEE Fl &Z(F1-Score)&
(Table 6), & %=(Accuracy), Area under curve
(AUC) < FAH3tAH(Table 7). &= 9 AUC
Zroll w29 InceptionV3 EE o] ResNetl01-V2el
g} dso] o £ ZAoE YEyTh

AW A &5 A A #olEd 1500719 ]
A& Frtstn 9 HAR7], 72 JA717] € 949
AR7IE A-83sto dolH S48t AR’ A 9],
=7 dlo]E & Pix2Pix cGANE AR8-3te] A3k o]
A& vlal HH o7 AE3I T F7 tlolElE A
435k 92 TY3H, InceptionV3 2 ResNetl101-

V2o REE EFI AHE AA 4 P,
°olE YL ATE Fl 55, &=, AUCE F4
3l tHTable 8, 9). A& 2L AUC Aol =4
InceptionV3 =2 o] ResNetl01-V2el| HI&| 4% 9]
o £2 20 % Ve Held WIES A Inception
V3 % ResNet101-V2 2ol &7 ol 2 &4
golH & &-&3 A3}, ROC-AUC 2P =ZE 7|5te
2 InceptionV3e}t 574 o]y Zgo] 2= AW 3
A A 7+ -5 B5S RATHFig. 14).

44 M2 WY 27

4y BRI 49 =2 2 2D A
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results of crop disease detection of augmented and synthesized data by precision, recall and

Fi—score,
Architecture Model Class Precision Recall F1-Score
Diseased 0.89 0.63 0.74
Corn

Normal 0.55 0.85 0.67
Diseased 0.37 0.89 0.52

Cucumber
. Normal 0.96 0.63 0.76

InceptionV3 ;
Diseased 0.38 0.90 0.69
Pepper

Normal 0.96 0.63 1.21
Diseased 0.74 0.68 0.71

Strawberry
Normal 0.68 0.74 0.74
Diseased 0.67 0.68 0.67

Corn

Normal 0.28 0.71 0.40
Diseased 0.78 0.88 0.83

Cucumber
Normal 0.89 0.81 0.85

ResNet10-V2 -
Diseased 091 0.97 0.94
Pepper

Normal 1.00 0.54 0.70
Diseased 0.78 0.55 0.65

Strawberry
Normal 0.69 0.69 0.69

Table 9. Evaluation results of crop disease detection of augmented and synthesized data by accuracy and area
under curve (AUC).

Architecture Model Accuracy AUC
Corn 0.730 0.850
) Cucumber 0.849 0.790
InceptionV3
Pepper 0.670 0.770
Strawberry 0.693 0.930
Corn 0.604 0.750
Cucumber 0.893 0.920
ResNet10-V2
Pepper 0.645 0.670
Strawberry 0.606 0.660

Comparison of ROC-AUC results of crop disease detection

120

100

=3
=}

@
=}

r
S

N
5]

InceptionV3(Augmentation)

InceptionV3(Pix2Pix)

W Corn M Cucumber M Pepper

ResNet101-V2(Augmentation)

Strawberry

ResNet101-V2(Pix2Pix)

Fig. 14. Comparison of ROC—-AUC re—

sults of crop disease detec—
tion for InceptionV3 and Res
Net101—-V2 models with auge—
mented data and synthesized
data (pix2pix) following auge—
mentation,
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Table 10, Evaluation results of crop disease classification of augmented data by precision, recall and Fl—score,

Architecture Model Class Precision Recall F1-Score
Common rust 0.97 0.89 0.93
Bacterial spot 0.91 0.96 0.93
Corn
Gray leaf 091 0.94 0.93
Leaf streak 0.99 0.98 0.99
Anthracnose 0.63 0.00 0.00
Cucumber -
. Downy mildew 1.00 0.73 0.84
InceptionV3 -
Bacterial spot 0.80 0.96 0.87
Pepper Gangrene 1.00 0.90 0.94
Mosaic 0.88 0.83 0.81
Green blight 0.51 0.68 0.58
Strawberry Powdery mildew 0.65 0.57 0.53
Spotted mite 0.71 0.66 0.68
Common rust 0.25 0.25 0.25
Bacterial spot 0.25 0.25 0.25
Corn
Gray leaf 0.27 0.28 0.28
Leaf streak 0.24 0.24 0.24
Anthracnose 1.00 0.51 0.67
Cucumber -
Downy mildew 0.04 0.83 0.07
ResNet10-V2 -
Bacterial spot 0.34 0.32 0.33
Pepper Gangrene 0.56 0.34 0.42
Mosaic 0.07 0.27 0.42
Green blight 0.97 0.45 0.62
Strawberry Powdery mildew 0.54 0.90 0.68
Spotted mite 0.36 1.00 0.53

Table 11, Evaluation results of crop disease classification of augmented data by accuracy and area under curve (AUC).

Architecture Model Accuracy AUC
Corn 0.953 0.942
. Cucumber 0.801 0.813
InceptionV3 -
Pepper 0.940 0.905
Strawberry 0.988 0.920
Corn 0.995 0.988
Cucumber 0.992 0.982

ResNet10-V2
Pepper 0.939 0.658
Strawberry 0.630 0.611
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F9} Qo] A= ResNetl01-V2 2dlo] 1139} o dlol8l =3, 2o]dA = InceptionV3EE L Res
7)ol A= InceptionV3 Zde] 5o O £L& Ao Netl01-V2 2d3} &4 vloly =&, 139 7]
2 etk A& InceptionV3 RE3 F7 HlolE Zo| 4=
AY B/ AA AR #olEd 1,500719] o= A| AW A oA 7 73 d5s BAtHFig. 15).
£ Frlstal 98 HAR7, A [1A37371 2 49 [
718 A &3t dole St AHEE Aot 4 54 2
H o] & Pix2Pix cGANS A3l A gk o]r] A
£ 3T 37 tolEE AMES A9 Zol, o] =iollA f-Ele 71&e FAHA FAH A
InceptionV3 2 ResNetl01-V29] Rl 2 EF3- 2 2] 3IA] & UFRe ZE oA E HH Y Ao
= AA g3 vwstga, olE AEE AdE, Fl 2 AEg BFeta AWS Agdr] Y8 AE &
5 B85, AUCE FA3I3HTable 12, 13). A 7,40 AR 9 AW ER7E AT "de A 14
3% Asbo] WEZ W InceptionVa 2d Ao o & < AGeA T o1& Hal stk olm Aol E3gH
£ Aoz Yepgoy AUC ZA3to] w2, ResNet Hj7do] 23E A& o|u|AE £/t FHs FE
101-V2 29 Aso] f ¢5dck 989 vESa Ha3tst7] 98l 370 89l =3t L= FAE Al
InceptionV3 % ResNetl01-V2 2do) =7} ¢ o] ¥ =2 %9 DCNN 714F mde d7g]=S AHE3}
2 34 dlolEE A&% A3, ROC-AUC 1z s Rom, A WA $F& Mask R-CNN H38d H
710 2 &4=4=0] A= ResNetl01-V2 2d 3} 574 WAE AHESEY &4, Q0] F D] 471A] 2

Table 12, Evaluation results of crop disease classification of augmented and synthesized data by precision, recall
and Fl-score,

Architecture Model Class Precision Recall F1-Score
Common rust 0.42 0.34 0.37
Bacterial spot 0.22 0.42 0.29
Corn
Gray leaf 0.71 0.37 0.48
Leaf streak 0.13 0.50 0.20
Anthracnose 0.96 0.98 0.97
Cucumber -
. Downy mildew 0.98 0.96 0.97
InceptionV3 -
Bacterial spot 0.50 0.68 0.58
Pepper Gangrene 0.63 0.55 0.59
Mosaic 0.71 0.66 0.68
Green blight 0.38 0.34 0.36
Strawberry Powdery mildew 0.26 0.34 0.29
Spotted mite 0.36 0.33 0.33
Common rust 0.40 0.31 0.35
Bacterial spot 0.36 0.45 0.40
Corn
Gray leaf 0.62 0.40 0.48
Leaf streak 0.13 0.50 0.20
Anthracnose 0.82 0.76 0.79
Cucumber -
Downy mildew 0.73 0.80 0.77
ResNet10-V2 -
Bacterial spot 0.55 0.76 0.79
Pepper Gangrene 0.23 0.34 0.27
Mosaic 0.21 0.42 0.28
Green blight 0.33 0.30 0.32
Strawberry Powdery mildew 0.34 0.37 0.35
Spotted mite 0.35 0.35 0.35
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Table 13, Evaluation results of crop disease classification of augmented and synthesized data by accuracy and

area under curve (AUC).

Architecture Model Accuracy AUC
Corn 0.373 0.600
. Cucumber 0.973 1.000
InceptionV3
Pepper 0.549 0.650
Strawberry 0.619 0.840
Corn 0.370 0.750
Cucumber 0.789 1.000
ResNet10-V2
Pepper 0.535 0.890
Strawberry 0.545 0.630

Comparison of ROC-AUC results of crop disease classification
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Fig. 15. Comparison of ROC—AUC re—
sults of crop disease classi—
fication for InceptionV3 and
ResNet101—-V2 models with
augmented data and synthe—
sized data (pix2pix) following

ResNet101-V2(Pix2Pix) augmentation,

Ao 2 et =S S743% o|u| A& A
9} Pix2Pix cGAN< AM8-3te] A g ofn|
&3 A5 vud A3, Jg=et AUC 7]
%= InceptionV3 2d 3} £7} oju]x| Z%t]"’ﬂ/ﬁ 25
AR ZA g8 b 7 AeS BT

A BF5Z 98] AW 719 7EL°] InceptionV3
2 ResNetl01-V2 & Fdste &5 Q0] 11
ZF, Z7)o tis) A3 A3} InceptionVd B o] 74
—?—, 0.953, 0.801, 0.940 ® 0.9882] A &% (Accuracy)
9} 0942, 0.813, 0.905, 0.920°] AUCE <%,
ResNet101-V2 Z29] 75 0.995, 0.992, 0.938, 0.630
o] A2} 0.988, 0.982, 0.658, 0.6112] AUCE 4
o], &9} Qo] A= ResNetl01-V2 ZE o],
ZF 9} @7]o A = InceptionV3 2@ o] A5o] ¢
Z 082 ettt 543 oW A& AHEE A5
AR o]m A& AMER BE Pl AH, S
oA E ALYS o AE AW DA g A=
9} AUCZ} B -3t

ok i
> oh‘. Mo

N2 oo I

°l+N H

2 o



Deep Convolutional Neural Network(DCNN)S 088t HEX s&=Q EFQU 2Y 27 JIY

2 AFE 53 DCNN 7|dt 25 B/ ¢18E
< 58 AAE HA e vz ZE ouAE
e A8 + de A& £F, 249 4A, AH
BEHFE A% 284 7 BF 9S Asieon,
29 58S 95 AE ol Fu FHo] W
o o] 3 A W= HlwstgTh B Ao A]
o Rdg AMSSHA, B Ry 7d, FY
gl gl Ao 2 =¥o] Bay 2l d5s
HA3sl7] 3 B4 md 7Y o] Bk
Zol =7l &5 ATl o] & JAdste] of
m ] 7uke] A& B mdo] HHES FEFoR
F4ste A7 Hastt

REFERENCE

[1] P.-Y. Wang, C.-T. Chen, J.-W. Su, T.-Y.
Wang, and S.-H. Huang, “Deep Learning
Model for House Price Prediction Using He-
terogeneous Data Analysis along with Joint
Self-Attention Mechanism,” /EEE Access,
Vol. 9, pp. 55244-55259, 2021.

[2] Y. Fang, C. Zhang, C. Huang, L. Liu, and Y.
Yang, “Phishing Email Detection Using Im-
proved RCNN Model with Multilevel Vectors
and Attention Mechanism,” [EEE Access,
Vol. 7, pp. 56329-56340, 2019.

[3] K. Jo, S. Jung, and C. Sim, “A Study of
Shiitake Disease and Pest Image Analysis
Based on Deep Learning,” Journal of Korea
Multimedia Society, Vol. 23, pp. 50-57, 2020.

[4] M.-K. Kim, “Tomato Crop Disease Classifi—
cation Using an Ensemble Approach Based on
a Deep Neural Network,” Journal of Korea
Multimedia Society, Vol. 23, pp. 1250-1257,
2020.

[5]S. Roh and D. Park, “Sweet Persimmons
Classification Based on a Mixed Two-Step
Synthetic Neural Network,” Journal of Korea
Multimedia Society, Vol. 24, pp. 1358-1368,
2021.

[6] J.A. Pandian, G. Geetharamani, and B. An-
nette, “Data Augmentation on Plant Leaf

Disease Image Dataset Using Image Manipu—

[7]

[8]

[91]

[10]

[11]

[12]

[13]

[14]

lation and Deep Learning Techniques,” 2019
IEEE 9th International Conference on Ad-
vanced Computing (IACC), pp. 199-204, 2019.
H. Ajra, M.K. Nahar, L. Sarkar, and M.S.
Islam, “Disease Detection of Plant Leaf using
Image Processing and CNN with Preventive

i

Measures,” 2020 Emerging Technology in
Computing, Communication and Electronics
(ETCCE), pp. 1-6, 2020.

J. Liu, S. Yang, Y. Cheng, and Z. Song, “Plant
Leaf Classification Based on Deep Learning,”
2018 Chinese Automation Congress (CAC),
pp. 3165-3169, 2018.

7. Husin, A. Aziz, A. Shakaff, and R. Farook,
“Feasibility Study on Plant Chili Disease De—
tection Using Image Processing Techniques,”
Proceedings of the 3rd International Confer—
ence on Intelligent Systems Modeling and
Simulation, pp. 291-296, 2012.

T. Youwen, L. Tianlai, and N. Yan, “The
Recognition of Cucumber Disease Based on
Image Processing and Support Vector Ma-
chine,” Proceedings of the Congress on Image
and Signal Processing, pp. 262-267, 2008.
E. Goceri, “Image Augmentation for Deep
Learning Based Lesion Classification from Skin
Images,” 2020 IEEE 4th International Confer—
ence on Image Processing, Applications and
Systems (IPAS), pp. 144-148, 2020.

J. Shijie, W. Ping, ]J. Peiyi, and H. Siping,
“Research on Data Augmentation for Image
Classification Based on Convolution Neural
Networks,” 2017 Chinese Automation Con-
gress (CAC), pp. 4165-4170, 2017.

M. Hammami, D. Friboulet, and R. Kechichian,
“Cycle GAN-based Data Augmentation for
Multi-Organ Detection in CT Images via
Yolo,” 2020 IEEE International Conference on
Image Processing (ICIP), pp. 390-393, 2020.
X. Zhang, Z. Wang, D. Liu, Q. Lin, and Q.
Ling, “Deep Adversarial Data Augmentation
for Extremely Low Data Regimes,” /IEEE



1670

[15]

[16]

[17]

[18]

[19]

[20]

[21]

ZEOICINES ==X M253 X115(2022. 11)

Transactions on Circuits and Systems for
Video Technology, Vol. 31, pp. 15-28, 2020.
D. Roy, P. Panda, and K. Roy, “Tree-CNN:
A Hierarchical Deep Convolutional Neural
Network for Incremental Learning,” Neural
Networks, Vol. 121, pp. 148-160, 2020.

S.P. Mohanty, D.P. Hughes, and M. Salath,
“Using Deep Learning for Image-Based Plant
Disease Detection,” Frontiers in Plant Sci-
ence, Vol. 7, p. 1419, 2016.

G. Geetharamani and A. Pandian, “Identifica—
tion of Plant Leaf Diseases Using a Nine-Layer
Deep Convolutional Neural Network,” Compu-
ters & Electrical Engineering, Vol. 76, pp.
323-338, 2019.

J. Zhang, Y. Rao, C. Man, Z. Jiang, and S. Li,
“Identification of Cucumber Leaf Diseases
Using Deep Learning and Small Sample Size
for Agricultural Internet of Things,” Interna-
tional Journal of Distributed Sensor Networks,
Vol. 17, Issue 4, 2021.

H. Nazki, S. Yoon, A. Fuentes, and D.S. Park,
“Unsupervised Image Translation Using
Adversarial Networks for Improved Plant
Disease Recognition,” Computers and Elec-
tronics in Agriculture, Vol. 168, p. 105117,
2020.

H.-C. Shin, H.R. Roth, M. Gao, L. Lu, Z. Xu,
I. Nogues, et al., “Deep Convolutional Neural
Networks for Computer-Aided Detection:
CNN Architectures, Dataset Characteristics and
Transfer Learning,” IEEE Transactions on
Medical Imaging, Vol. 35, pp. 1285-1298, 2016.
J. Lemley, S. Bazrafkan, and P. Corcoran,
“Smart Augmentation Learning an Optimal
Data Augmentation Strategy,” IEEE Access,
Vol. 5, pp. 5858-5869, 2017.

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

E. Hirani, V. Magotra, J. Jain, and P. Bide,
“Plant Disease Detection Using Deep Learn—
ing,” 2021 6th International Conférence for
Convergence in Technology (I2CT), pp. 1-4,
2021.

P. Isola, J.-Y. Zhu, T. Zhou, and A.A. Efros,
“Image-to-Image Translation with Conditional
Adversarial Networks,” Proceedings of the
IEEE Conference on Computer Vision and
Pattern Recognition, pp. 1125-1134, 2017.
M. Mirza and S. Osindero, “Conditional Gen-
erative Adversarial Nets,” arXiv Preprint,
arXiv:1411.1784, 2014.

K. He, G. Gkioxari, P. Dollar, and R. Girshick,
“Mask R-CNN,” Proceedings of the IEEE
International Conterence on Computer Vision,
pp. 2961-2969, 2017.

R. Girshick, J. Donahue, T. Darrell, and ]J.
Malik, “Rich Feature Hierarchies for Accurate
Object Detection and Semantic Segmentation,”
Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition, pp.
530-587, 2014.

C. Szegedy, W. Liu, Y. Jia, P. Sermanet, S.
Reed, D. Anguelov, et al., “Going Deeper with
Convolutions,” arXiv Preprint, arXiv:1409.
4842, 2014.

K. He, X. Zhang, S. Ren, and J. Sun, “Deep
Residual Learning for Image Recognition,”
Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition,
pp. 770-778, 2016.

K. Simonyan and A. Zisserman, “Very Deep
Convolutional Networks for Large-Scale Image
Recognition,” arXiv Preprint, arXiv: 1409.
1556, 2014.



Deep Convolutional Neural Network(DCNN)E 0188t HSX sHE0 SR 2 283l 1671

Min Borin

2018\ zHR.rjo} RUPP thst, 7
FE1 7L 7))
200214 FEOjst 7 FE| ot

(Z3t AP

ARk WHolE], AFAS

)

A%t
o A
19969 QST 50 8}
(5218t Ah)

20013 UCDAVIS o <28}

(84h)
2006'd UCDAVIS Hla¥ g
(2
20199 ~2021d FEUStw HAIYHEGH 2 ur
2021 ~FA FHEUSn FESdTE 2P
B ok HHolE &8& F4F &M 49

20004 et 34 4h)

1985\ A Bo) sk 2 AHEA o )
(ol8kAh)

1988 =719 Wakets)
(B4

19954 @757 %9
(F8huta))

248k}

i

19973 ~ A FB &y AZEY OIS g
Aok AR, S, HolH B4 9 Az,
AFE 299~



