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Abstract: Solid texture synthesis based on 2D samples (deep learning) is an important pathway for rock solid texture generation,
which currently suffers from the inability of long distance dependence and color distortion. In this paper, it proposes an innovative
method based on 3D coordinate attention generative adversarial network (3D-CA-GAN). By extending the coordinate attention
mechanism to three-dimensional space (3D-CA) and combining the content-aware upsampling module and multi-scale discriminator,
high-fidelity modeling of the spatial distribution of mineral particles is achieved. Experiments show that the method significantly
outperforms existing techniques in terms of SSIM (0.773), PSNR (24.92% enhancement), and LPIPS (0.110 reduction), and ablation
experiments further validate that the 3D-CA module improves the SSIM of directional textures by 14.69%. This study provides a new
solution to texture synthesis with realism for geological modeling, and its 3D attention framework is useful for generic generation tasks.
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analysis in hybrid dilated convolution
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Fig.9 Rock texture images
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Fig.10 Synthetic solid volume texture exemplars
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Fig.11 Loss convergence profile of solid volume texture synthesis
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Fig.12 3D mesh texture mapping visualization of synthesized solid volumes
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Fig.14 Non-uniform solid volume texture synthesis results
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Fig.13  UV-mapping of synthesized solid textures on standard 3D mesh primitives
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Fig.15 Qualitative comparison results
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Table 4 Quantitative comparison results

SSIM  PNSR LPIPS FID DISTS

fik ik A A | | \

CNN 0.460 13.682  0.373  27.3  0.242
a STS-GAN 0.701  13.467 0.274 22.8 0.253
ours 0.773 14678 0.263 11.0  0.156
CNN 0.395 12.874  0.463  26.3  0.278
b STS-GAN  0.689  14.287  0.398  23.6  0.257
ours 0.621 15.014 0302 123  0.203

T AT R E A v ARTRE S

MR AT LI A SO A I bR IR
B E DL AEBOH () T A ST IEAESS AR (SSIM =
0.773, # CNN #& F+ 68.0%, #& STS - GAN £ F
10.3%) WA {5 M e (PSNR=14.678, # CNN #2 7}
7.3% B STS-GANFETF9.0 %) JEHFILUE(LPIPS=
0.263, &K 29.5% /4.0%) IR JiE 1R 15 45 ¥4 A0 D) 1
(DISTS=0.156, % W% ik 35.5%/38.3%) LA J& FID
(11.0,% CNNFEAL 59.7 %6, 8 STS-GAN £k 51.8 %)
J7 T AR Fe A5 A X T80 (1] 15b) , 48 ST i
FID(12.3) [A) Ff {2 2t T CNN(26.3, B i 53.2 %) Al
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(& 15b) iy SSIM 45 Fx (0.689) W & F A 3C 5 ¥
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Fig.17  Anisotropic solid texture simulation results
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Fig.16 Comparative experimental results under different iteration counts
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Fig.18 Ablation study results
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Table 5 Quantitative ablation study results

SSIM PNSR LPIPS DISTS

*6 RAZTRAEMPEMIBER
Table 6 Ablation study results of hybrid dilated convolution

FEA 5k A ) \ :
STS-GAN 0.701 13.467 0.274  0.253

(a) +CAEEN 0.804 16.823 0.279  0.269
+ R FEAR B 0.722 15.327 0.250  0.166
FCATER S+ LoRFERIEE 0.773 14.678 0.263  0.156
STS-GAN 0.689 14.287 0.398  0.257

(b) +CAEES 0.726 15.288 0.316  0.236
+ LRFERIE 0.616 14.936 0.437 0.313

+CAWERE A+ ERFERFRH 0621 15.014 0.302  0.203
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