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FEE: AIEIFE 3h W U5 A B Ry 0Dl 8 500 BT B AR S n s AR R WA B KA R AR IR I E R . O TR R
WA X LR AT ST Z AR BER (Micro — computed tomography , Micro — CT ) R 3 45 51l 43 H1 A [8) i J 2l 4 1 P31 4
AT AT, AR BIF 5T LA A 0% 0 3L 30 P R A i ORE 0l i 2L B0 W R BURL & 100 AN 1R S BE L AR LS [R) AR X7 B
X5 A R LA B 3 B O Hh A B 0K 5T A 502 0. 97 % 43 i & B UE 4R, fE ] Bruker Skyscan 1275 Micro — CT X
T R R AT R R T (4 L 80 kV LI 125 wA BMER 4 HE 3R 10 wm , T4 IR BE R K EE B A 0 ~ 255,
XN X G MR B 0 ~0.035) 5 B HUAS [R] B JURRE Fh 16 JR % B X 38 1F 17 R 4 ), 9 45 & PLS — DA il SVM —
DA HL#% 2 > B35 4 S0 S0 0 2F 1 J0RE 2 BB R o A 58 45 SR R W, XS A 45 U A% 2 1 B D [X 38k UK FE X [R] Sy
165 ~ 255, 3+ PLS — DA I SVM — DA AR (1) X | A 15 UKL %5 51 38 190 UE B ERG S8 1 8 94% , 56 IE 4 % i (1) Micro —
CT =4 J5i o7 n] WAL R AE 25 L B0 S50 F L PR R — 8, 45 W, Micro — CT 454 PLS — DA 1 SVM — DA #L %
2 ) Bk R AT il LA R vl L 3 8 R R A S ) A BT SR R AT o AR 5 A A TR R R S 4 R R R A PR G 2 )
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EQE . SR K9, Micro— CT; = 4R i WAL 5 HLESSE ) s
MEAKD, 24 CHERRM: A CEHS: 1000-1298(2023)04039405  OSID; D

Machine Learning Based 3D in Situ Visual Discriminant Analysis
of Mammalian and Non-mammalian Bone Meals by Micro — CT

ZHU Ying GAO Bing SHI Zhuolin XIE Ruyue LIU Xian HAN Lujia
(College of Engineering, China Agricultural University, Beijing 100083, China)

Abstract. Rapid discriminant analysis of meat and bone meal from different animal origin species is an
important guarantee to strengthen feed supervision and prevent the spread of BSE disease. In order to
explore the feasibility of using advanced micro — computed tomography ( Micro — CT) to rapidly identify
and analyze meat and bone meal from different species of animals, a calibration sample set and two
validation sample sets consisted of different amount of avian origin and bovine bone particles were
prepared. The Bruker Skyscan 1275 Micro — CT system was used to build method for 3D in situ visual
characterization. The Micro — CT conditions for sample scaning and images reconstructing were: tube
voltage of 80 kV, tube current of 125 WA, image resolution of 10 wm, reconstructed gray-scale image of
from O to 255, and the corresponding X-ray absorption coefficient was from 0 to 0. 035. The regions of
interest of different bone particle samples were extracted for image segmentation. Combined with PLS —
DA and SVM — DA machine learning algorithms, avian origin and bovine origin bone particle image
segmentation models were constructed, respectively. Finally, the Micro — CT in situ 3D visual
discriminant analysis of avian origin and bovine bone particles were carried out. The main results were as
follows: the gray range of the regions of interest for image segmentation of chicken and bovine bone
particles was 165 ~255. The total accuracy of cross validation of chicken and bovine bone particles based
on PLS — DA and SVM — DA models was 94% . The Micro — CT 3D in situ visualization results of the

verification set samples were verified to be consistent with the actual results of the samples. The
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verification results showed that the established Micro — CT 3D in situ visual discriminant analysis method

achieved very consistent results with that of the actual samples. The research result can provide an

imaging methodology for 3D in situ visual discriminant analysis for rapid and non-invasive identification of

different species of animal origin material in feed.
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Fig. 1 Relative positions of chicken and bovine bone

particles in validation sample sets (red represented bovine

bone particle and white represented chicken bone particles)
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Fig.2  Gray scale image and K-means threshold segmentation image of chicken and bovine bone samples

(a) LGS

R R A AR



5% 4 1)

Kl S5 FETHLAR 2= WS A B BURE Micro — CT JEUAV 1T AR £k % 51 397

(B 5 KA X [R], HAE b e KOK BE AL T 165 ~ 255 JK
JEIX[A] . BT ixX — & B, o 25 B WOURLAE 5 i 2 X
BO0) I B B AG r F107 OR BY AN RS2 e, A BF 5 8 K
JEIX 8] 165 ~ 255 1 Ay # 37 B 5 43 AL R (1) k%
XA
2.2 HEELB4EHHNEGSEEEZERIEER
1 R AR i AR AR (X9 A B OB AR i 45
100 /™) 43y B % 57 % PLS — DA i1 SVM — DA A B (1
LHBUEZ R, & 1 ATLE N, Joig PLS — DA 4
R4 & SVM — DA BERL Y HAS T 3 0F o0 Br s 2R,
SEH SR S UHET RN 94% IR R 6%
FhHLAS 27 2 B3 3 T T8 4 B UKL AR i Micro —
CT FMR 53 218151

%1 PLS-DA I SVM-DA #ERZTHIGIFER

Tab.1 Cross validation results of PLS — DA and
SVM — DA models %
A FERAE  BURME R 2R BERR

X0 B kL 94 94 6

PLS - DA . 94
A B WOk 94 94 6
Xk 93 95 6

SVM - DA 94
4 kL 95 93 6

2.3 EF PLS-DA #1 SVM — DA 935 . 4 & Bifi
Micro — CT R = 4 Lk RIEL F
& 3 FIE 4 435 K% T PLS — DA 1 SVM — DA
BB IEAE 138 4B R ) Micro — CT 434 1,

00 Oog-
e e e

S FRIROISN] N2 E 5
(a) BIF&E1-1

[ -
00 Oog-
=|=]=--E

RIRROL#] ENGL e

(b) BHF£E1-2
E3 3T PLS - DA BRI RY - Wikl Micro — CT
AN, = 2 v] P4 o A 25 SR

Fig.3  Results of Micro— CT 3D in situ visualization
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