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Flower Image Enhancement and Classification Based on Deep Convolution Generative Adversarial
Network

YANG Wang-gong and HUAI Yong-jian

School of Information,Beijing Forestry University,Beijing 100083, China
Abstract In order to improve the accuracy of flower image recognition and classification,an algorithm based on deep convolution
to generate a network is used to identify and classify flower images. In order to ensure the feature integrity of the flower image
during the convolution process,the real flower images with different sizes are quantitatively averaged,the size of the block size is
ignored, the number of blocks is equalized,and then the image of the block is deeply convolved. The pooling is enhanced, the en-
hancement method is the maximum value enhancement,and the noise is generated by the maximum pool. Then the two are com-
pared and discriminated. The cross-entropy error is used to evaluate the value function to solve the flower image recognition and
classification results. In this paper,the image enhancement of flowers,the image recognition of similar flowers and the classifica-
tion of different flower images are simulated respectively. It is proved by experiments that the algorithm has obvious advantages
and good stability in the classification accuracy of flower images.
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Fig. 1 Algorithm flow of flower image enhancement and

classification
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Fig. 3 Enhancement and generation of a single flower image against

the network
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Fig. 4 Part of sunflower image sample

e B — i) H 221G 5 5 B b B BT AT 1 H 26 kAT
LU 4R 2032 % G AE ) H 2 PR p g LAY R L 4G 6 U B9
e,

1 AR G A TR 0 o 1

Table 1 Identification accuracy of similar flower images

5 i = /0,
. AR RAEHE/ %
WAt E>15% oAt E>20%
1 50 1 1
2 50 0.6621 1
3 100 1 1
4 100 0.7653 1
5 150 1 1
6 150 1 1
7 200 0.8972 1
8 200 1 1
9 250 0.8231 1
10 250 1 1
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Table 2 Identification efficiency of similar flower images

5 N % /0,
- A E PSR E Y7
At E>15% ot E>20%

1 50 1.9 2.2
2 50 1.8 2.3
3 100 2.6 3.7
1 100 2.7 3.9
5 150 4.3 6.4
6 150 4.3 6.3
7 200 6.3 9.8
8 200 6.5 9.8
9 250 7.6 13.5
10 250 7.6 13.5
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Table 3 Identification accuracy of training samples under different

iterations of different flowers

HRAH HAXA  HAKRE RAERNH RIEHRE/ N

Ex) 212 148 0.6981
b NE S 187 137 0.7326
300 HH 231 143 0.6190
W4 F 163 121 0.7423
HH % 207 165 0.7971
EX ] 212 159 0.7500
b A 187 147 0.7860
500 3 231 164 0.7099
W4 F 163 141 0.8650
B H % 207 186 0.8985
%4 212 172 0.8113
b A 187 157 0.8395
700 # 3 231 184 0.7965
W4 F 163 145 0.8895
B OH % 207 192 0.9275
%4 212 178 0.8396
B2 187 163 0.8716
900 K H 231 190 0.8225
W4 F 163 147 0.9018
B H % 207 195 0.9420
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Fig.5 Classification accuracy of different types of flower image

training samples
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Fig. 6 Classification accuracy of different types of flower image

test samples
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