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Skull Identification Method Based on Fusion of View and Shape Features

Yang Wen, Zhou Mingquan, Geng Guohua’, Liu Xiaoning

College of Information Science and Technology, Northwest University, Xi’an 710127, Shaanxi, China

Abstract Skull identification is an important subject in forensic medicine. To solve the insufficient representation of skull
and facial features in previous skull identification research, a skull identification method is proposed based on the fusion of
view and shape features to fully use the effective recognition information of the skull and facial model and improve the skull
recognition ability. First, a multi-view neural network is used to learn the multi-view features of skull and facial skin, the
LLS-MDS algorithm based on double harmonic distance is used to calculate the standard shape of skull and facial skin, and
the pooling fusion method is used to aggregate multiple features to reduce the information loss in the view pooling stage.
Then, to solve the problem of wave core features being sensitive to scale transformation, the scale invariant wave core
features of skull and facial skin are extracted using feature value normalization. Finally, the view and wave core features
are fused using kernel canonical correlation analysis to obtain the final feature vector of skull and facial skin. Skull
identification is realized by calculating the correlation coefficient of the skull and facial skin feature vectors. Experiments
show that the recognition accuracy of the proposed method is 95. 4% , which is superior to other methods, thereby proving
the effectiveness of the proposed skull identification method.
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Fig. 1 Depth projection image of skull model
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Fig. 3 Multi-view neural network architecture
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Fig. 4 Examples of partial skull and face samples

4.2 ETFIEKEBEHLS-MDSEEHIES T

ST VA L OB B B W LS-MDS Bk 1 it
FRCR R T T 00 Hb R 2 Y LS-MDS B33k Fn 3t
WIS U B B 9 LS-MDS Bk iy oh A i . DL A
B BEA Ry S X G2, B T R R R AR BT 1 R RE R

VRN B RE R VT S R RE T o 0 3t B A TR A Oy i
A DATE SCHR [ 20 ] vb 4 31, XU R 28 04 % 4l 11 53 )7 v
AT LAAESCHERL 21 T 4R 30 o ARk B SE g e it R
w 1P

F 1 T RN B2 AR AR AN () SR A a5 KT 4 SR R 3R A1 B 2 R P 0 B 9 R

Table 1 Time consuming of sampling operation and distance matrix calculation of skull and facial model under different sampling points

unit: s
Number of sampling points 2000 4000 6000 8000 10000

Sampling time 29.719 57.792 86. 441 115. 869 176. 357

Skull Geometric distance 23.167 102. 374 237.072 415. 626 574.989
Biharmonic distance 1. 064 2.395 11.833 23.254 43.152

Sampling time 34.224 67.556 100. 859 127.433 204.613

Face Geometric distance 24.866 108.918 252. 316 445.771 611.438
Biharmonic distance 1.118 2.502 12. 360 24.435 45.079
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MVCNN ; 4) T X8 3 #E 2 #Y LS-MDS 55 12 Fil 4k
SEF3b Ak By £ 00 IR 2 4% T L2 00 R R AE R 0, IF
Al A = 48 R e AR F 47 37 ), 92 o8 Biharmonic
distance+Mean-based MV CNN ; 5) 3 F XU Ik 15 2 11
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Table 2 Correct recognition rate results of six groups of

experiments unit: %
Method Correct

recognition rate
Geodesic distance+Mean-based MVCNN 91.4
Geodesic distance+Max-based MVCNN 91.8
Geodesic distance+ LMPF-based MVCNN 93.6
Biharmonic distance+Mean-based MVCNN 92.1
Biharmonic distance + Max-based MVCNN 93.2
Biharmonic distance+ LMPF-based MVCNN 95.4
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PE AR AR SR AT T et PR e e T T A S X i
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ML LA T ZOERHE , I 13 T KCCA Jr ik
HATRAE RS o PO AL 5250 A 45 SR a4 3R .
F 3 PRAK AR R EEAS AR P AR AR Y TE R S R 2

Table 3 Correct recognition rate results of wave kernel features

and scale invariant wave kernel features

Wave kernel Scale invariant
Feature

feature wave kernel feature

Correct recognition

93.9 95.4
rate / %

M 3T LUE H, ROBE N AR 4% RRAE (4 150 245
T F U RRE R iR e i R A A . T RE
SR A% R AE B T IR R AR A C 5 T IR AR W 1 AR
SN = (= S N b | [ N e S [ U S N S = R S
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4.4 EFZABBXHTAENTEZEHHIRF

ZR

ST LA T AN [ A ok R Rl T R B A RE
8 LR N ey = WO W T i S s A
1) AN A FH B 0T8T R 1) 22 L R AR AT U1 5 2) A A
JH Fi-B R B B = 4R R 2E A7 R0 5 3) 1 2 T
210 5 (RBF) %% B0 8019 KCCA J7 32 il & 2 90 1K R 1iF
=T R AR AE SEAT U 5 4) ol FH 3 F 22 30 =A% R 4k
1 KCCA J7 ¥ il & 22 40 B RRAE F = 2 T8 IR e 4 1 17
U 5 5) 1 58 T 45 B0k sR B0 KCCA kil & 2 40
&R AIE A= 4E TR AR R AR AT IR A o 58 J7 2y IR 0 45
B 4R

K4 ANTEAZ R B R 2 2R

Table 4 Recognition results of different kernel functions

Method Multi-view 3D shape RBF kernel Polynomial kernel Exponential kernel
etho

feature feature function function function
Correct recognition rate / % 92.8 91.4 87.8 89.3 95.4
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HEAT V) A T R A R Y = 4R T IR R AR
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AEC B 4.8.12.16 18,20, 6 4 SZ I [ 51 45
AL 5 FrR . RSB 20 B R i 23 A,
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48,1216 B 7R 78 4= A0 & v bifi AL A28 535 43 1L 1]
F T
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Table 5 Recognition results of the number of different views

Number of views 4 8 12 16 18 20

Correct recognition rate /% 63.8 78.4 86.7 92.6 93.4 95.4

M ST LA B ASBCh 20 (R4 i RL 1R ) )
PR T ik PN ROR fe i o S 2L IE AT B
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Table 6 Recognition results of different methods

Method of Method of Method of Method of Proposed
Method _
reference [ 30] reference [ 31] reference [ 15] reference [ 32] method
Correct recognition rate /% 88.6 91.4 93.8 95.2 95.4
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