) PR AR (A ARBE AR
2025 4E 2 H 45 55 455 1 W], Feb. ,2025 ,Vol. 55 ,No. 1
p Journal of Northwest University ( Natural Science Edition)
I INWU

- Xk R TR

ET 2 ERMsNEE DSR2 R ERTT A

I OB, &N HEEL RN E N RT  KE
(PR (5 AR S HOR e BeP P 710127)

WE MR EPRIAANOREAL EF FEFAAMFELOHAT G, AAY
T e AR AR E B AR K, IZ AT A T LA AR RE B R (R AR
KREFHER) AR AR EAEXRA B RFRFILE, BB A5 ERATRMEL
Fo % B RALERE & S ARG PR B B R BAR AR Ty k. % R AR B d 6 & AdaRes-
Block Fe#f. 20 i2 & ) AL 3 20 %, , B 38 Fo 2 1) AN L 5] 5 A R B R E B E 209 K3, JiF
ARIEHFAE B & IR — Ay X, R, AP aF A R BB R FE, SIINER T 5 5
BB AR BN HI R B A S, BT ILEAN R BAT R AL, BUR R A M &
09 g o AL BE AR M AR AR B A B TR R A % ROEFI R Kok, AR B B o B it
Ao EAIR R R, RBEREN, EEE @K BB AE RS L, X kAR
wEEEAERES TAAGI T %, EATRERARRE LHRIFT RSG5, 4
JRACR F A BAE R SR M 4547 PSNR . SSIM “F 3432 4 1. 115,0. 017, LPIPS F 3 (4-4%,
0.026, & & -F ¥ A8 E H4 0. 855,

KR A A AR R IM R AR LA E & AR R T 4 B AR

rhE 43S . TP391 DOI:10. 16152/j. enki. xdxbzr. 2025-01-017

Skull-to-skin generation method based on multi-level

bottleneck attention module
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(College of Information Science and Technology, Northwest University, Xi’an 710127, China)
Abstract Restoring the face from an unknown skull is an important research direction in archaeology, foren-
sics and criminal investigation. The existing computer-aided 3D restoration process is cumbersome and time-
consuming. In view of the distortion, twisting and non-smoothness of the existing model in the generation of
skull-to-skin (face without texture and hair, etc. ) images, this paper proposes a skull-to-skin image genera-
tion method combining a generative adversarial network and a multi-level bottleneck attention module. Specif-
ically, the generator consists of six layers of AdaResBlock and a bottleneck attention module, which guides the

generator to focus on more important areas from the two dimensions of channel and space, and adjusts the nor-
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malization method according to the feature adaptiveness. At the same time, in order to solve the problem of the
large size of the generator model, the blueprint separable convolution is introduced to reduce its volume. In
addition, the discriminator is divided into two parts. The first few layers are used for encoding, eliminating the
separate encoder module in the traditional network, making the model more compact; the latter layers adopt a
multi-scale discrimination strategy to classify and discriminate images from different levels to enhance their ac-
curacy. Experimental results show that in the task of skull-to-skin image generation, the skin images generated
by this method have higher quality than other existing methods, and have achieved the highest scores in both
visual quality and image quality. The restoration effect is more realistic, and the image quantitative evaluation
indicators PSNR and SSIM are improved by an average of 1. 115 and 0. 017, and LPIPS is reduced by an aver-
age of 0.026. The average facial similarity is 0. 855.
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Fig. 1 Skull and skin images
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Fig.2 Themain network structure diagram
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Fig.4 Bottleneck attention module structure
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Fig.7 Experimental comparison results with Pix2Pix, Cy-

cleGAN, U-GAT-IT, and AttentionGAN
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Tab. 1 Quantitative comparison results of Pix2Pix, Cy-
cleGAN, U-GAT-IT, AttentionGAN and this meth-
od

WiRvS PSNR/dB 1 SSIM T LPIPS |

Pix2Pix* 18.595 0. 794 0.185

CylcleGAN™ 19.276 0.816 0.179

U-GAT-IT" 19. 004 0. 801 0. 197

AttentionGAN'? 18.296 0. 800 0.225

AT 19. 908 0. 820 0.170

SIS B ATy VR AR I A AT 5 B AU
SR FS , i HAE PSNR (SSIM FI LPIPS =45
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Tab.2 Comparison of the similarity between different meth-

ods of generating skin images and real skin images

Pix2-  Cycle- Attention A< 3L

W py can UM Ji ik
W1 0.5 0.60  0.52 0.49  0.86
W2 0.64  0.73  0.67 0.63  0.74
W3 0.55 0.71  0.82 0.42  0.90
W4 0.80 0.66  0.84 0.61  0.92

3 ARSOITEEAR S B RS L B R AR LR 2L
XL

Tab.3  Cross comparison of the similarity between the skin

image generated by the method in this paper and the

real skin image

EoY
H
TR 1 W2 WE3 R4
Mgz 1 0.86 0.41 0.56 0.47
Wifgz2  0.51 0.74 0.56 0.80
Wifz3  0.43 0.54 0.90 0.48
fifgz4  0.53 0.55 0. 64 0.92
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Fig.8 Ablation study
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Fig.9 MLBAM layer number hyperparameter experiment
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Tab.4  Ablation study

I7 i PSNR/dB?  SSIMT  LPIPS |
(w/o0) E, 19.232 0. 804 0.252
(w/0) MLBAM 19. 866 0.813 0.176
(w/0) BSConv 20.078 0.822 0.170
4-MLBAM 19.518 0.812 0. 196
5-MLBAM 18.497 0.781 0.217
6-MLBAM 19.908 0. 820 0.170
7-MLBAM 18.256 0.774 0.222

=5 RN E, . BAM BSConv J5 4= il 2%
A s BB S 8 i, R S Al L, im A
BSConv Ji5 A R HIFEAR 1 AE s 19 KD, 45 46 i
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Tab.5 Total number of parameters for network modules

I A ds F s
baseline + E,, 68.074G 12. 000G
+E, + BAM 68.512G 12.000G
+E, + MLBAM +
11.012G 12.000G
BSConv
4 Z5iE
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