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Data Augmentation Method for Sweet Cherries Based on
Improved Generative Adversarial Network
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Abstract; To address the class imbalance in sweet cherry data, a novel image enhancement method
based on sweet cherry generative adversarial network, SCGAN was proposed. The generator incorporated
multi-scale residual blocks (MSRB) and the convolutional block attention module (CBAM) , enhancing
the model’s feature representation and the quality of generated images. These blocks captured features at
various scales, and CBAM focused on channel and spatial information, improving image quality. In the
discriminator, spectral normalization and the Wasserstein distance with a gradient penalty loss function
were applied. This combination controled the discriminator’s power, prevented overfitting, and boosted
training stability and speed. Experimental results showed that SCGAN produced higher quality defective
sweet cherry images compared with traditional GANs, with Fréchet inception distance (FID) scores of
64. 36 and 59. 97 for two types of defects. After data augmentation with SCGAN, classification accuracy
for VGG19 and MobileNetV3 was increased by 16. 44 percentage points and 13. 94 percentage points,
respectively. The data augmentation method presented held significant potential in addressing data
imbalance issues within the agricultural and food sectors. It not only improved the generalization
capability of models but also provided a more reliable data foundation for practical applications. Through
this approach, it was possible to more effectively tackle long-tail class imbalance issues, which enhanced
the accuracy and efficiency of agricultural and food detection systems.
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Fig.2 Generative adversarial network
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Input : training samples X, = { (X, ) |;_, ,number of
training epochs £ =4 000, batch size n =32. Save the
weight file every 100 iterations, with the learning rates
for the generator and discriminator set to Ir, =0. 000 3
and Ir, =0. 000 2, respectively.
Initialization ; Initialize the weights of the generator G
and discriminator D.
Training

for E training iterations do:

Configure the real images X, ;.

Generate n d-dimensional random noise samples
Z= %zj%j'.’:l.

Input the noise Z into the generator G.

The generator G generates n fake samples X =
F(X ) i

Input the n fake samples X, into the
discriminator D.

Calculate the loss of the discriminator D (L"),
and take the negative of this loss as the loss of the
generator G (L, ).

Optimize G by adjusting its weights to minimize
L,.

Evaluate D’s ability to distinguish real images by
calculating the loss for real images( L") .

Derive the total loss of D(L,) by subtracting L;"
from L.

Update D’s weights to minimize L.

If necessary, perform weight clipping to ensure
D’s weights remain within the desired range.

End.

Output: generating fake defective sweet cherry images
Xy = 1) Hioye
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Fig.8 FID scores of DCGAN, WGAN and SCGAN during

generation
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Tab.2 FID scores of DCGAN, WGAN and SCGAN

Y DCGAN WGAN SCGAN
[ Y=ES 257.53 103.22 64. 36
e 260. 59 79.78 59.97

& 9 3 DCGAN WGAN SCGAN 3 %5 7 43 3]
Az 88 R IS Bl g I AR B T AE = 2 2 ) rh ) 0 A
ME 9 ml %, 5 SCGAN A [t , DCGAN 1 WGAN it
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FEPUH TR B B TR RRAE 2 (] v A 5 AN (R
YBTAEAS AT S8 B0 4= & B 4R Hbn o o 7 B0
Hb 3 B A BB 5 b AR 53 A 22 T i 22 55, T
RS B 1 1 R A i RS RR A 43 A 22 5, T DGR 3 i
B AEFRAE S W A . 2 3 RRIE S A
B B REAE

2 3 W1, B 9% DCGAN Fl WGAN 75 #: f1) Ji
i B 2 HE M7 T R T R R M ( DCGAN R B &l

2
S
150k 2150

7100
50
0
50 &

Z100 ¥

50 T~<_
100 .
1 150 ~~7~150

El 9 DCGAN WGAN F1 SCGAN A& i i) & #2 1k (5142
I 3D 43 A1 T AL AL 5]
Fig.9 3D distribution visualizations of sweet cherry

images generated by DCGAN, WGAN and SCGAN
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Tab.3 Entropy of original and generated images

T DCGAN WGAN SCGAN A
J& e R 2. 685 2.667 2.949 3.269
ZLR 2.589 2.730 3.207 3.247

fri B A 2. 589, WGAN A= &1 15 E A o8 2. 667) {1
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IR, AE % S A A% i A 2 300 D ik 0000 o A 728 S A
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T T At A0 5 B8 A o T P T D R A2 2 A, B
e B A Y AL X L 58 4 3k B I AR R 2 AR A A
Rt
4.4 BEEFEWEIEER
T VEAR RN A A3 S A AL M B, 2k T A A E A
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Fig. 10  Classification confusion matrices
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Tab.4 Classification results after data augmentation
by DCGAN, WGAN and SCGAN %
J

B =g 7y DCGAN WGAN SCGAN

BARMERR 91.54  92.79 93.55  94.69
A i % 77.73  84.40  88.01 92. 60
VRGBS 76.79  83.81 87.80  92.36

F1 {4 75.94  83.52 87.60  92.38

BARMERR 88.98  89.80  91.61 93.90
A i R 81.57 84.36 89.43  93.30
A nl % 79.09 82.32 88.97 93.45

F1 g 79.40  82.71 88.99  93.34
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VGG19
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AE N BT Rl S g DA B R . B 11 S AR
P FID {6, 253 Bon, BEE SRR B, 5
T AR B AE FE, SCGAN 26 B H o8 £ s Wi st , 91
TEJE IS T AR AY FID {H, X oF — PRS2 1 AL 7Y
WU A R
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FID scores after removing improvement measures

Fig. 11
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AU FID A 53 N R, SCGAN BIALN [ #a 94 e hy
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Distance #5836 I fiw 22, H FID B 76 % 4> i 72 v i
AR HAn 28w , Tk A € N R, 1 W/O0_CBAM
BERIFN W/ O_MSRB 52U 75 35 A ad 7 rp L 2 7 T
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Tab.5 FID scores after removing improvement measures

(1)UESE T 3 i SCGAN #F 47 %k 41 4 5 7T A 4%
& TR Bk 73 A AL AR B s A - 250 T B Pk e
23t — RV RS, SCGAN 75 54 4 5t Jr 1
TP A B VGG19 FT MobileNetV3 [ OA F1 F1 {5
AR RS 3.15.16.44 4.92 13.94 N4y 4, SRR
T AR A R AR AR LR N 2 A T A A

(2) FERL AU 25 4 77 17, DL Wasserstein 1 B A/E K
P2k BRBOA A3 5 T U ZRAe S R I n b T i Sk

fi W/0_MSRB W/0_CBAM W/0_Spectrum Normalization ~ W./0_Wasserstein Distance SCGAN
JE s R 87.15 92.32 72. 86 219.94 64.36
EIp 84.52 90. 84 69. 54 204. 53 59.97
:6 BREAREESLER
Tab.6 Classification result after removing improvement measures %
A B W/0_MSRB W/0_CBAM W70 Spectrum  W/0_Wasserstein SCGAN
Normalization Distance
SR HERR R 93.95 93.90 94. 09 91.21 94. 69
btk 90. 41 90. 06 90.91 86. 45 92. 60
MobileNetV3 PN 89. 50 89. 28 90.71 85.26 92.36
F1 18 89. 77 89. 48 90. 66 85. 60 92.38
MR R 93.18 92.74 93. 48 91.24 93.90
- K% 91.92 90. 94 92.54 86.78 93.30
Voo FEAE:S 92.17 91.25 92.75 86. 85 93.45
F1 18 91.99 91.03 92. 61 86. 57 93. 34
5 &R JE o BN 2 R % 22 B (MSRB) fiE 8 75 A [F] %5 (8]
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