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Fig. 6 Comparison chart of improved CycleGAN network generation
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Table I Comparison of accuracy of three recognition
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Table 2 Comparison of five network models under three
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Fig. 7 Statistical results of recognition accuracy under three recognition networks
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* GAN-train 1 GAN-test 43 J| 4& J+ 1.56 . 2.20 | 43
KU FID 20 8UAI 23.05, BB 2 Fsctt s 2 0 A 450
R3 TREEBREEILER
Table 3 Comparison results of different

enhancement methods

Bk Algorithm WERG2R/ % Accuracy
i, N
TeHE TR A 89.85
No enhancement algorithm
[ SRS o124
Traditional data augmentation algorithm o
S BRI G ERRSHL A 1 100 26 B 49 i B v 97.03

I-CycleGAN augmentation algorithm

x4 ARAREEERTIHRITLER
Table 4 Comparison results of ablation tests on the

model in this study

HE Model GAN-train/%  GAN-test/ % FID
CycleGAN 78.12 65.63 108.29
CycleGAN-1 79.54 67.14 89.18
CycleGAN-2 79.68 67.83 85.24
I-CycleGAN 81.25 68.75 64.96
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Mo W 2 PG DT IR RS A ot I 1Y T-CycleGAN
) 2% A5 A YE GAN-train 1 GAN-test 43 5l ik 2] T
81.25% F168.75% , [A] I FID 43 B f#AK 2 64.96 , W
M I Y T-CycleGAN [ 2850 51 A il 1) 4% B fin L
SE e BEAE B N T E T AR I R S B Y
Ko

3 i #

B e T K 3 PG AR ) S 7 A 1 B B 3R
BORME FEAKCE B = DL SOR [R) 2 50 AR A 40 A
AN 28 ) 8, AR5 TR R CycleGAN R 28 4R 71
MEZE , B 50 A A S R A T4 B B AT 1 7} 7
B AT R 3X 3B RMATIE ., AL T
RIS HE 32T T8 53008 IR T M 28 R,
7515 1 9 7 PRGN S0 SR O 5 Lk, 7R R A
R 25 ZE R R SR b 5 R - S T T AL A 2]
JEAT B 5% 22 He N A8 A SE-ResnetBlock 55, 5 i
i v 3t 3R A T I B B S TG S R A
FHHERE ), AT 0 2 4 T T A A A U R Y
B AEXT B M JS 9 T-CycleGAN R 2%
BEAY 0t T L R PR RE AL 3. 7E 3R T I 4%
S, LA B A HE I SR 88 B e KT IR,
GAN-train £ 7+ & 81.25%, GAN-test & J &
68.75% , 1M FID 43 U0 F B %2 64.96 , 4% T 48 A5 2410
T X BB

g5 LI AHIE 9% 0 2 Ty ThT ) 5% B A
T T CycleGAN W 45 5B 7E T K - R 3 RS
S B PERE : — R AR R IR T i A B -
ML # i SE-ResnetBlock £ e , — 2 75 4 1% 2 5 i
T )2 W0 B 5 BB P 7 X 7 B B AE R 3 X34
M. BE)E A T-CycleGAN W 258 45 AU A5 3 SR it 1
A A IR, S K i e 3 R A 1 5 5 R
SR T AT SR B AR SR . RARGHE JE B R A AR
R G T AT At X He B AR (R 25 R A A%
JERSIN G S8R LT, W 2 R A K
AN ZRE ], 3X — AN R A REAOR #E— 2 Ak DL 5t
AR 1) S FH R B 50
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Improved CycleGAN-based method for augmenting images
of few-shot maize diseases

LI Yanling',ZHANG Boxiang', LI Feitao', BACAO Fernando®, SI Haiping', CHEN Lina’

1.College of Information and Management Sciences , Henan Agricultural University,
Zhengzhou 450046, China;
2.NOVA Information Management School (NOVA IMS) , Universidade Nova de Lisboa,
Lisboa 1070-312, Portugal;
3.School of Computer and Information Technology,Shangqiu Normal University,Shangqiu 476000, China

Abstract An improved cycle-consistent adversarial networks (CycleGAN) -based method for aug-
menting data of maize leaf disease images was designed to solve the difficulties in obtaining image dataset of
recognizing maize diseases, insufficient samples, and imbalanced samples across different categories of dis-
eases.Convolutional kernels with smaller receptive fields were used to optimize the structure of the Cycle-
GAN network and generate sample images with high-quality and reduce the occurrence of overfitting. The
SE (squeeze-excitation) attention mechanism was embedded into the residual module of the generator to
enhance the ability of CycleGAN to extract disease features and allow the network to more accurately cap-
ture diseases with small target or features with subtle inter-domain differences. The results showed that the
improved CycleGAN reduced the frechet inception distance (FID) value of generated disease images by
43.33,32.67,24.24 , and 19.72 compared with the original CycleGAN, DCGAN, DCGAN+ , and WGAN
algorithms. GAN-train and GAN-test increased by 3.13 and 4.25 percentage points compared to that in the
original CycleGAN. The improved CycleGAN-based method for augmenting data was used to construct a
dataset of maize diseases, and the accuracy of recognizing the maize leaf diseases based on this dataset was
significantly improved on three network architectures. AlexNet, VGGNet, and ResNet increased by 3.90,
4.41, and 3.44 percentage points, respectively. Compared with traditional data augmentation algorithms, the
disease recognition rate of ResNet network architecture increased by 5.79 percentage points.It is indicated
that the improved CycleGAN network effectively solves the problem of insufficient image dataset of maize
diseases.

Keywords data augmentation; maize leaf diseases; residual module ; cycle-consistent adversarial net-
works (CycleGAN)
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