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Abstract

In the field of unsupervised learning, generative confrontation network is a research direction
that has developed rapidly in recent years. Its main feature is to use a probability estimation me-
thod to approximate an unknown distribution model. Using this model can avoid complex calcula-
tions and coding, especially in computer vision, can generate better quality pictures. This article is
based on the cyclic generative confrontation network, training a style transfer neural network,
inputting a picture and outputting a picture of its different styles. In order to prevent the genera-
tor from learning deceptive false data, this article adopts adding a new generator, and uses the
output of the first generator as input again, so that the output of the generator has a higher simi-
larity with the original image, while not losing the characteristics of the original picture and en-
suring that a picture similar to the original input is output. The experimental simulation data set
selects the real campus as the scene, and the original picture cannot be restored well in the initial
training stage. This means that the generator uses false output results. When the number of train-
ing times reaches 10,000 or more, the results show that it can be restored well. Going back to the
original picture, it is proved that the output of the first generator retains a large number of origi-
nal picture features, and the output result is relatively reliable.
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Figure 1. Generative confrontation network framework
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Figure 2. Cyclic generative confrontation network
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Figure 3. Generator network structure
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Figure 4. Discriminator network framework
DOI: 10.12677/csa.2021.118209 2047 TR S R

B 4. FI7 2R PILEHESE



https://doi.org/10.12677/csa.2021.118209

W, XEE %

4. BRI

SRl 5. K oo f, MAHGREARAERIG, e, A . WIS
ZERATCURIL,  hfa e m A i SR (o A B R R, RS R R IR R A 2 A B
SENGOLs AR R A RS AR A A B BTSSR A R, (B R B S O gk

AR 7 R, WASEREFEE, AR KR Em G, Rz E G,
e A R E B SRR . I T AR SRIR A5 R AT DUREIL, AR O ST I 45 15 28 ) P 3 S
TR e BA AT, AR R 2B R P ASRER BIRX AR AR o KR AmIR AL O BT I 4 v Y 22 i )
HITAESBUR I T A RS 5 BR EHR I X0, A Ons 000 25 2R 15 2 B AE 28 R T 2B i g o, A2
R 2 I PE R R R X A5 SR SR K

50 50
- 100 100
&
=~
150 150
200 200
250 250
0 50 100 150 200 250
Pixel X
Figure 5. Building a standard drawing to stick figure
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Figure 6. The second standard drawing of the building to the stick figure
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Figure 7. Simple strokes to generate pictures
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