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1.2 ESSRERGRERS

Bl 1 e ENEBRERS, %RGE
B AT AR (K 400~1 000 nm) EHFR
LRI, AP S HENEAN. o m et g
1 H CCD ##%3% (Andor, Clara, Britain) , KE#%-%
4% (SPECIM, V10E-CL, Finland) Hlif% 853k 4H 1k
HEAN RGN TR G A S R 1R S e TR A A A ) R A
W SSRGS CCRAE BB e Jbam. R, g
Sl E . BB BRSSO TR R, A
BRI TR B 0.1 s, EUE2rHE 0 400%400 14
=, BWEHNIEE N 1.7 mm/s,

/

2

LFFHL 2USB £ 3.mobilf 4RE S5.HMMEA 6w 7.h3F
®h

1.Computer 2.USB line 3.Hyperspectral imager 4.Egg 5.Sealed box
6.Light source 7.Motorized translation plat form

Bl &#HSALERGBERERL

Fig.1 Transmission hyperspectral image acquisition system
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EBIME Dy FRCRIEFEALG B R A moG S A R 1, R

AN (D HHERIEE B R.
I-D
W-D
1.3 ZHEEMTEEIRERFIRAE

KRR, RERGEEIR . KA E L
WEBR G, KA 385°C, MIXREEN 65%
(RIREACAR AL, RO E 807 AJ8CE, W46 5d
Jei s PR A N T R A W 52 RS EE R TGRS S 1) S B 2R 031
CRVERIWT IAEABEA T B ARSI, PIZRAE RIS
AR T VA E

X e G 1 UG BEAT Hdhs 20 i AL BE, AR SC 32 SAE T
#& ENVI 4.7(Research System, Inc., USA)FI MATLAB 7.0
BB
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W LAr e ze 5, —Mekul, JOREASNERIRL, i,
ZREEAIMNEANN K . SCRR[201 R ML T 2 PR o
izt EmF LI E R, WU 2 ML
SOBETNIAL 22 5 2, B 5 el o i XS s A e 3R 1
W NP TR, L7 S e SR AT D P e PRl R
REfE PE IR R AN RHE D GRS RAAE, 23O,
A SRR AR
1.5 4FESHEIRE
1.5.1 BEMRAFIERIR

R = (D

ARICR TS AR A IR A B ER . i —
PR T P IO GAT I ST B, g5 2 R, 7E
IR 2RI G i TPEIERE . SR . BUR.
Sia, A i A AL BRI i i P, g
Wik 3 fios.

a. RGB K& b. KK c. W&KEE
a. RGB image b. Gray image c. Edge image
W2 FrEREEmLE
Fig.2 Hatching egg image preprocessing
a.G ok b. —fE&l c. HiLK
a. G component b. Binary image c. yolk image

A3 fEEHRR
Fig.3 Hatching egg yolk extract
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ASWIE

F=a/b (2)

2) MK E: E BK, RoRFEINEBIE, EH
B, FRosMaRAMEBIN, THEATR:

E =min{W,H}/ max{W,H} (3
A Wo H 0 3om MR BRI B . i

3) % RD: fiidshEERIMEHGE BT R,

RD HHOK, FoRMEINIEBEELIATE, AKX T
RD = 4nS/L? 4

JR R X i Range of interest

a. JEN I X I

a. Range of interest

AP Sy LR R, K.
4) MY, MM Sy kRIS S, M
YNSWIF
Y=S,/S (5)
DL EZEG a0 1.

*1 BEBBESECER
Table 1 Parameter range of image feature

o Kbz Lt . —_—
| i3 Al |
KM pootiong K iz AL
Type : Elongation Roundness Area ratio
and short axis
Pyi’ﬁ% 1.342~1.393 0.625~0.737 0.719~0.746 0.661~0.772
Fertile egg
ﬁfﬁk% 1.320~1.389 0.644~0.822 0.721~0.769 0.672~0.841
Infertile egg

1.5.2 HKig4FERIR
F A R AE R 2 400~1 000 nm it &%, i 1]
ENV A AFRE S5 F 2 A% AR B 100x200 15 % X
SRR R BGOSR, WE 4 PR,
0.6

0.5F

%5} 2 Transmittance/%
S
%)

0.1F

ok %M/
_Ol 1 1 1 1 1 1 1 J
300 400 500 600 700 800 900 1000 1100
% & Wavelength/nm

b SR X IR T 26

b. Mean spectrum of range of interest

B4 FERERASR R KGR IE I -F
Fig.4 Range of interest of hatching egg and its mean spectrum

H I f& 400~1 000 nm fA56iE 5 o] ok (400~
760 nm) , LA (760~1000nm) , 4y EX (400~
1000 nm) 3 /MANRDGEE S R A8, AT & BRICAR IS
SRR, eIl AT B . 5] I38 ] 22 FhoG i fi sk 2
ik ZIUHUSESIE (multiplicative scatter correction,
MSC) . AFEFrUELL (normalize) . ARk IFE A4S R4S
(standard normalized variate, SNV) . —Fr5% (first
derivative, FD) +MSC, normalize+FD F1 SNV+FD, i#id
L A5 7 12 e AR POLA B 7 9

H T AR, B E A R T g ) B AR, R
FHAR G R EGEG B A AR G BARZe 1tk 1 A8 &, AT 0 2 Hh
AR AR P, A R AR AR R A IE S 1 i
FR AN YA I (1) 150 Y6 15 35 B 2 ) B S AP SR AN 41 40 H
b EEATAOGHETHS, RIS r B, AHK
RO, HX KT S ARG B s SR r
AT

N

Z(xi _Xj)(yi _yj)
r=—== (6)

\/ZN:(xi _Xj)zi(yi _yj)z

ot e RIEH AR 51K LB
K,y WHERIAY HRRR R, ) =) x)/N

JHEFEE AT EDE Iy, = (33N b AR
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REIEAR A BRI 7E — A . SR IX SR AR AR &
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(principal component analysis, PCA) , #HL ok 2 45 =
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DR =T 85%, it A FHT AL R AE AR, mT LA
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1.6 tHXEENIEE

A HFEHL Crelevance vector machine, RVM) J&
Tipping™T- 2001 442 H 19— B AR BMER B, 't —
Wt S R SR ) 792 . RVM 2 AE S F 1) B AL Csupport
vector machine, SVM) [J3&E EisAR K1), RVM &1
DUHHTAESE R, K se oMb o N BIBTALE |, FEAREK
i A IEAR ), K BB E SR Akt 0, 1T
AAE 0 SO 1 S g FRAEAR G 1 B, [T, RVM 78
SRS, FEAENRRG . EEE SR SRR
W22 ST AT T RS IWESLN T . 5 SVM AL, RVM
AT DASRAFMER PR, AT DA I EW . 7 (VP 2 R
PELFIR; RVM ME A% e Bt R PIAE vG 52 2T ey PR
T BT C, XK R b S L2 Hk £t iis
i JFH RVM FOCHE 42T SVM, HA R
PRz AvERe, HAR SR RRG, SHIE G R 2SRl .
AL, 8 7 B e B 2R A DA S AT RS, ARSI RVM
JT R SR

ARG I LR TP 20 2 ), AR W I 2R AR (R R AIE
ﬁ%% {xi}inzl ’ E *’j? @%j\] {ti}in:l ’ (I =12, --~,n) ’
te {01} ZIHREE, RVM 53R BUEAL E SO«

y(x;w):Zn:a)iK(x,xi)+a)o (7
i=1

b, x MHMAIGREARLE, n BFEANML okt
TR AR, K (e, x) /2 1% R ¥ S BR %L (logistic sigmoid)
o(y) =1/(1+e”) SINF R, R P(t| w) IR ILS3
R o3t X HL 4328 I AN, A e P AR ik o, 43 BAUARAN
PHRR:

Po) =[]o{y(x;o)} L-o{y(x;m)I*  (®

FETUAHAEAE S AR AR 2 ] AR AR AE S
RVM By abad 2 S B S, A8 T v i o 56 WL 5 0 A
N (@[0,7, ) AR MREE X T S AL I B

P(lm) =TIN@ o) (9

Kb =0, mmy)" A N1 YEESEL WREAML
HIINESE, I AR,
ARG T ik SRR ] 5.

B IEB
II

[mipeamm |~ romas |« ssmazsonm |

R HE SR B ER S |

A5 R3S kAR
Fig.5 Overall flow chart of identification

2 GER5HH

FIH RVM I ZR4E 200 ANFEABEAT24 2T, 439915k H
SVM Fl RVM 2 Pl v2ok i 37 A2 RS B 15 TO RS B 1) 40 bt
B, SHFINRAE 100 MREABEI TR o

2.1 ETEBIFENH AEE

B LRI R E KR L R R, R
MRS BT Z L 4 DNEUGFFEVE N, SVM Al
RVM (W% & 50300 RBF #% e 40, KA 10 $748 XEGAIE 7
EHRBEZS . SVM SEEN R TFRIZSH(C, o)
(32, 1), RVM x4 o 4 0.95. SVM fil RVM
I A H L2 2, MZR 2 HR] LUE Y, SR SVM FITRVM
2 PRI HEAf K 370k 84%, 90%, RVM HAI%H
BT SVM; 7E43 2K F, RVM [RR B BT SVM;
FESZFE AL, RVM BT SVM, HAT 5 4
XRW RVM L SVM T EA F R 528 B R JC RS S i r
Gy AR

£2 ETEGHHZNE

Table 2 Classification results based on image

SR p— HX b

N N
;;gg Classification Classification of Nj?nt])eirﬁof
" -
accuracy/% time/s RVs(SVs)
SCRE) AL
L 84 5.9386 95
ARSI L
Cii ) 0.6619 5

2.2 EFHEFHERFIARE
2.2.1 REVERBATARR HIR &R G A

FEVE & 400~1 000 nm [5G TE 4k ml ULk (400~
760nm) , YTZrAh (760~1000nm) , 4B (400~
1000 nm) 3 MANFEDEIEIE IR, AT 22 BRTCAR IS
SR, X REAT R 4E . R RVM 245, %] RBF
R, R 10 $748 X AE T A8 RI% S5 o 0 A
0.25, 0.32, 0.55. 1% 3 A%, A WG BRS IF4E
U0UIF A 1E A 638 i T 20 A BRI A BT IR A R
M, IR PERBGE Y 400~760 nm (1) LGSR Rl iR
HEATHIA o

%3 ATRIKEFHHER
Table 3 Calibration result of different band regions

B RS DRARG
Spectral range/nm  Accuracy of training set/%  Accuracy of prediction set/%
400~760 90 87.5
760~1 000 875 80
400~1 000 84 82,5
2.2.2 ARITRKIE T AR 4 R F A

BTG A S BUECR RN, 2B IR
RIZE M, S5 N8, P 2 1 ) ) B 20 s
I, R, AR RRT A KA AS T X A
AP FEREBEAT PIAREE, AT IA 258 A 70 1 B A P 0 il
RS RE . il Ak ¥ = 20 774 MSC. Normalize.
SNV. MSC+FD. Normalize +FD #1 SNV +FD. A/ RVM
A, ] RBF AZ A%, 4id 6 FPAS [ PALBE 7724 Mt
SRR 4 Pros, BZEATHL 0 45 S I i Tkt
PR 79 Normalize, £ Normalize FiAbH i i IE4E ()
HERI R & 95%, WA AE MM HEAf % 91%; DA k% %
Normalize J7 VAT 1S AL 3
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x4 FRERAIETLEFEZRFI IR
Table 4 Calibration result of different spectral pretreatment

methods
Ve FRAELE AR R
WiH EIH:4 A A ZIUHURN+ AR B
ltem SRIE DE}é% PRt —rese He— S
MSC SNV Normalize MSC+FD [} 3% Normalize
SNV+FD +FD
IR RERE
Accuracy of 91 93.5 95 85 87 83
training set/%
DR EER BE
Accuracy of - gg 85 01 82 81 81
prediction
set/%

2.2.3 RETREHSRE

7E Bk HeAl b, YEHC 400~760 nm B, &t
Normalize Filkb 3 75 vk 45 & A ¢ REGEIE BA HOL % AR
o GRWHE 6 Fir, WAAKTEMREBMENIHA LT
B, BIMEBCR 0.4, 2 5 PATEZ RN R IR KRR A
KB, 2 /KL 2 ARG N I KARR L P I, AR H
r 7& 0.4~0.6 i [l A R R P AR ARG, EH r KT 04
X . A AE by A IR TR ) e i AR o, BRI BRASAH O
FG AR &, MImTIE T 155 AN R BORH N 6 1%
HAE N SRR E AR 1

1.or

GEPSEY

Correlation coefficient

08 . . . . . . f ;
400 450 500 550 600 650 700 750 800
% Wavelength/nm

He6 kitkkhmxiskrXiH
Fig.6 Wavelength-correlation coefficient r diagram

MIESRI) 520 ASEIEAR R ARIE T T 155 AMtibks
HEAZ &, R SVM Al RVM 235l 37 52 5 SR A GRS B 1)
SISHIHIRERL, SVM IS4 (C, o 4 (10, 4)
RVM [1t% 24 ok 0.18, 2 Fh 43 KA EE TOGIERAE 1) 7028
FI AR WA 5.

#5 ETHIEMEXE SN FHEEN D LR
Table 5 Classification comparison of SVM and RVM based on

spectra
, e R (CZED
e SRR S AR
J i P lig AN
Tvoe Classification Classification of Number of
P accuracy/% time/s RVs(SVs)
SCREI) AL
SVM 90 5.9886 89
AHIE ) BEAL
RVM 91 1.0821 11

MK 5 LA, FETOEIEREE, RA SVM I
RVM S 55 i 52 R 25 FOJCRS S 2l 3 0 43 B, JRU00E

TS 514 90%, 91%, RVM [ A& i T SVM;
FESF RN F]_E, RVM R T SVM; fESCRE )
HEANCE, RVM B /bF SVM,
2.3 ETHERESMFIRIEE

K M G R EEE PRI 4 DMEBRHIEAR R
155 MG RFIE AR B A5 B Rl /E i A B, 01X 159
R AEAR B 2 (B W] BEAFAE — & AR E, BT DAAE S S
T, ARG T, SR TR R R K A R o)
) EEEAT AT, Wik 6 P, 1 6 SR Rt
TUBRFFIA T 98.85%, MEHLMLIN X MW (R FrfT Ty, It
INSRIET 6 A 3Ry rT MARGRFEA I SR 4a 15 BT SRAG
R 2RSS TR

%6 BAEERNFETEERS S
Table 6 Principal component analysis for characteristic variables
with fusion information

LW NER e

PrincipIalhlég;%onents Contribﬁgb;::\czatage/% Cumulative contribution
percentage/%
1 76.54 76.54
2 15.58 92.12
3 4.08 96.20
4 1.13 97.34
5 0.79 98.12
6 0.72 98.85
7 0.53 99.38
8 0.29 99.67
9 0.11 99.78
10 0.09 99.87

SVM M ESHIENT R TR S5 (C, o) A (8,
8) ; RVM KTk S %ok 1.5, HXT 200 ML
FEREAR I 0 R 7 B . IWEIH AT LU HE RVM (1)
FHOC I B SVM SR /b, KZ)5E SVM BT 1) i
1) 9%, IXHEBRAR A A L

K SVM Fl RVM 2 Ff 432 e a7 kT 5 50 ik
Rl A JE TR B2 RS B AN OSSR U A S e, 5
L7 7R, SVM X SR EAICRE SR A A 34 4
A, KrERER N 93%; RVM X 32 k5 B A TG R 8 44 )
24, REIERZ K 96%.

KH SVM 1 RVM S A6 T (¥ 5285 25 R GRS 2R a7
SEEHFIRERY, PSR B IR TR . SCRFm &
AN ML EANEEOUILE 8, SVM 5 RVM (14028
KEREES> 0 93%. 96%, RVM 43 2KG B8 T SVM;
325 E, RVM 3248 T SVM, Hi# 4 0.5016's, 4325
AR, 2002 SVM P I 8] ¥ 10%; I 2R [PAH S M)
AN EC AT SRR R AL AN B, IR A e R
% ZE LTIk, SR RVM J7 15 56 e i i 1) S0 531 25 SR 2
L+ SVM.
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TR 2R
Infertile egg

Fertile egg

a. H 1A AL

a. RVM (Relevance vector machine)

YU I

Decision boundary

AR K B Bl SRR R
RVsor CVs

0.6
0.4}
02 o

ok
0.2}
04}F

-0.6F

1 1 1 1 1 ]
86 04 w02 0 02 04 06

b. SZRRIA L
b. SVM (Support vector machine)

H7 BAMEENAEXOENAIFTEENIAE, LR
Fig.7 RVM and SVM classification result of train set with fusion information

=7 ETEG-LEMESESHANER
Table 7 Classification results based on images and spectra with
fusion information
SCHE I EAL AR ) F AL
SVM RVM
SR tems - EREEG2 B g ne g gy EREG2 B0 e g g1

Lr;]fg(rélzli Fertile egg(48) Lr;]fg(rélzli Fertile egg(48)
Ak
Error Number 3 4 2 2
%
Accuracy/%
RIER
Total 93 96
Accuracy/%

*8 HETEE-LIEMSERRIEXEENF
XFEEEM S EILR
Table 8 Classification comparison of SVM and RVM based on

images and spectra with fusion information
R CGGLFE 1)

94.23 91.67 96.15 95.83

VAG 3 == A S \
S e 1 eS| NN
.Tf%g Classification Classification of '\;5) bl ﬁf
yp accuracy/% time/s Rg/n;(se\r/;’)

T EHL

SVM 93 5.6672 50
AHIE ) AL

RVM 96 0.5016 6

3 & ik

1 H ol AR AR BB AE B 5 6 E B 45 &l
K, T CRARTOGEE, JEREARUER” B . i
WEFCIFACHT )2 A R S R S MR 2 5 il =
5, PRIUE S s EHSRRE, 12 H Normalize Y6 i Tk
BT IL S G AR R EE R YE, RO R IE; R Rk
S NTE R AEREEAT 6 N AR AT G AL i
a5 s K SYM (support vector machine, SVM)
F1RVM (relevance vector machine, RVM) BFh 75
VAT T R -G i mlA A5 B BTS2 S S R SR
FHDNB I RATLURR: 458 W], SVM I3 2RE A
93%, RVM 53 SHEREN 96%, RVM N FI7ESZ KRS Al
TERTE S RHADN P IERZ T SVM; P RR 73 1)
e EAr AT, MG EALAN B D TSR I LI AS
H, Z97& SVM il (1) 9%, JLasa) i 2L A%, 45
PR TR R T B RIS ) b, A DG 1) AL 23 S e (1]

e, 2952 SVM T Al 10%, Pk, R E1E-
il A5 B RVM RSB AL T 52 R 05 S S nT AT i, ]
DASE RS I ABS IR (R 1
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Hatching eggs nondestructive detection based on hyperspectral-imaging
information and RVM

Zhu zhihui*?, Liu Ting*, Ma Meihu?®*
(1. College of Engineering, Huazhong Agricultural University, Wuhan 430070, China; 2. National R&D Center for Egg Processing,
College of Food Science and Technology, Huazhong Agricultural University, Wuhan 430070, China)

Abstract: It is one of difficult problems to be resolved in egg hatching industry to identify the fertile information of hatching
eggs and eliminate infertile eggs prior to the incubation. Many infertile eggs have been wasted in the process of incubation
every year, which has caused considerable economic loss. The existing domestic infertile egg detection mainly depends on
traditional manual candle method. However, this detection method requires high intensity of labor and is time-consuming. In
addition, the result of detection is subjective and its accuracy can not be guaranteed. The detection of infertile eggs prior to
incubation can improve the economic efficiency of incubation and the quality of egg processing in late period, and it can bring
considerable economic benefits. This paper proposed that the hyperspectral imaging technology consisting of image and
spectral information and the relevance vector machine (RVM) were used for detecting the fertile information of eggs before
incubation. To build a hyperspectral transmission image acquisition system, the light source, the light intensity, the resolution,
the exposure time, the platform moving speed and other parameters were adjusted when the images of hyperspectral instrument
were captured. Ultimately, the exposure time of the camera was determined as 0.1 s, the resolution of image as 400x400 pixels,
and the platform moving speed as 1.7 mm/s. Before hatching eggs incubation, hyperspectral images system was used to
acquire the images of hatching eggs between 400 and 1000 nm. The characteristic information of the ratios of length to short
axis, the elongation, the roundness and the ratios of the yolk area to the whole area was extracted based on the images. Based
on the comparison of the calibration results among 3 waveband regions (400-760, 760-1000, and 400-1000 nm), the visible
light in band range of 400-760 nm was chosen to classify actual type of hatching eggs. Different spectra pretreatment methods
were used to analyze the spectra, e.g. multiplicative scatter correction (MSC), normalize, standard normal variate
transformation (SNV), first derivative (FD), MSC+FD, SNV+FD, normalize+FD, among which the normalized pretreatment
method was the most effective, and its classification accuracy was better than other methods. The normalization method was
used as the spectral data preprocessing, and then 155 spectral characteristic variables were extracted from 520 wavebands
through the correlation coefficient method. Principal component analysis (PCA) method was adopted to reduce the dimension
of image-spectrum fusion information which consisted of 4 image characteristic variables and 155 spectral characteristic
variables, and then the top 6 principal components were extracted. According to the distribution principle of 2:1 for 300
hatching eggs, the numbers of eggs for training set and testing set were 200 and 100 respectively. RVM and support vector
machine (SVM) were used to establish classification models, which were based on image, spectrum and image-spectrum
fusion information respectively. The accuracies of the RVM models were 90%, 91% and 96% respectively, while the
accuracies of the SVM models were 84%, 90% and 93% respectively. The cost time of the RVM models was 0.6619, 1.0821
and 0.5016 s respectively, while that the SVM models was 5.9386, 5.9886 and 5.6672 s respectively. The experimental results
showed that the model based on image-spectrum fusion information was better than the single information model; the RVM
model was superior to the SVM model for detecting fertile information of hatching eggs before incubation; and the cost time of
RVM model was shorter than that of SVM model. The fertile and infertile eggs were identified very quickly. This project
implementing would provide theoretical basis for the real-time online detection and testing of hating eggs for the instrument.
Thus using hyperspectral fusion information and RVM can improve the detection accuracy of hatching eggs before incubation.

Key words: imaging processing; models; nondestructive examination; hyperspectral image; hatching eggs; RVM; SVM



