®14E £1H g g it E N 5 M A
Vol.14 No.1

2024 £1 A

Intelligent Computer and Applications Jan. 2024

XEHS: 2095-2163(2024)01-0204-05 HESES: TP181

E T RIERNIETHE S Perlin M7= 1Y & #0302 £ B 77 %

Lz i
(ARLTERZE HENRZESHEARFE, R 710000)

MR SRS A

W OE. BRUIE AR S8 VR RS S T R, S XHESE Perlin MR S A B TR AT D
SRR BUAE AR, AR SCAR T — e 8K ST 7% ( Fast Neural Style Transfer, FNST) 55 Perlin M k25 & 9 A2 807 15, %07 4R
T TR K40 X HR 18 72 AU, (8 VGG— 16 11545 3] (14728 46 00 25 0547 IXUAK A2 8%, I3 ok MR 5 Ak FILRAIE [X e S v it
W SRR L M SR YDV [ M XA st TR S XA R R AT 2 S U 2k, A A B AL 5 B KUK L SE M TR W R A
ME L (PSNR) iK% 12.95 dB, G5FHIARMRIPE (SSIM) K% 0.21, 454 HRMIE S, BA B IG05 B,

X417 Perlin Noise; XA, WE2#~; BT E

A virtual terrain simulation based on fast neural style transfer and perlin noise
KONG Zhihan
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Abstract. Virtual terrains have been widely applied in various fields such as video games, animation, VR, and 3D simulation. To
solve the shortcomings of traditional Perlin noise algorithm, like lacking fine details and terrain distortion, this paper proposes an
approach to generating high—resolution terrains, combining fast neural style transfer with Perlin noise. This method involves dividing
blocks based on terrain features and setting styles, then the Image Transform Net trained with VGG - 16 will be used for style
transfer, with post—processing of images to ensure smooth transition of block boundaries. The experiment used datasets from diverse
regions such as mountains, plains, and deserts for differential training of the model. The PSNR between the generated terrains and

the target style real terrains reached 12.95 dB, and the SSIM reached 0.21, which is consistent with natural details and has

convincing simulation effect.
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Fig. 1 Illustration of the layered architecture of VGG 16
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Fig. 2 The fast style transfer model proposed
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Fig. 3 Modified fast style transfer model
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Fig. 4 Basic terrain and transferred terrain
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Table 1 Experimental requirements
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Fig. 6 Loss progression( 0—20Epoch)
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Fig. 7 Loss progression (20-100Epoch)
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Table 2 Analysis of terrain generation quality
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Table 3 Efficiency comparison of terrain generation algorithms
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