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Abstract

A new method of crack detection in eggs was proposed with multi-level wavelet transform and
texture analysis technology. First, G gray level image of all egg images were decomposed into
approximation and detail sub-images at various levels by wavelet transform. Then, the feature vector
which was composed of wavelet texture energy features, and the gray-level co-occurrence matrix
features of the detail sub-images were analyzed and computed. Finally, with the most appropriate and
effective eight parameters as inputs, the best BP neural network (8 input nodes, 20 hidden nodes,
2 output nodes)was employed to detect egg crack and classify eggs. The results of experiment proved
that the correct discerning rate to detect eggs without crack and eggs with linear crack, meshy crack,

point crack is respectively 95% , 90% , 95% and 80% , and the average correct rate to detect crack in
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eggs is 90% .
Key words Egg, Crack, Detection, Wavelet transform, BP neural network
2|z SIS, hy 40 A B R R, A
=

FURIT, [ PN S0 X 85 2 A9 s 3 G4t A I F 72 3 22
SE S5 2 A NS B AR ATy e o
PR IR BRI 1 Ty 52 K T I D SR R S5E 1A R P
M) , LR T B AN ] 252 Wi RS0 A v B2 ot
BN BORRE SE IR LA 8RR, P RESE I 25 &

Wicks H: 2008-03-21 f&RIHBI: 2008 -05- 16
* K863 M AW 5T & TR B0 H (2007AA102214)

TERT AT IR, T, 45 BRI 2 SRS AL
WP 3 T —E 2 2/ MBI R BP i 22 R 2%
TR AN B /N AR AT 5 5 SR R
IR , SRIBUFRIE 25, LA RRIE S5 A
QI BP i £ (9 2% 450 B 5 15 A7 X0 3 3 T R B0 R
il

TEE R O, JH, A, BN R G 7 5 f  TC U I B SR 1% 7 T AT ST, E-mail: moonbird97@126. com
BIEE : O G, 80 LA S I0, EZNEFE &I T A shR 54 6 TRy A5, E-mail : wenyouxian@mail. hzau. edu. cn



F2M

MR A FET/INIRASH A BP 12 N 2% 10 25 Se i ARG ) 171

1 BGBRESmAE

PR A R GE KT AN & 1 Bs , SR s Hi G
U8 DGR AT HUA R = 6= NIKON COOLPIXSA
TR AL S ML AL, DB 60 W IRAT (Sh
= H IR ) AL E SR AR AR

B 1 Lo & &
Fig.1 Machine vision device
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Fig.2 Eggs images pre-processed by computer
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Fig.3 Approximation and detail sub-images at

various levels after two-level wavelet transform
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Tab.1 Wavelet texture energy of every sub-image at the first level

A1 0 €Al €H1 €yl €p1 e /enn eyi/enn ep1/ex € /€ qmi et /€ qmi
WARREE R 512.0592 6.3274 7.8793 2.8663 0.012357  0.015387  0.005598  0.032266  0.967 734
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WA R 800.1822 6.7311 8.2773 2.7176 0.008412  0.010344  0.003396 0.0216724 0.9783276
P i 624.8615 3.5243 4.230 4 1.3987 0.005640  0.006770  0.002238 0.0144372 0.9855628
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Tab.2 Gray-level co-occurrence matrix features of the horizontal and vertical detail sub-images at the first level

I&Tﬁ‘fﬁt&ﬂ Qllll QZIII Q31ll Q4111 QIVI QZVI Q3V1 Q4V1
NEHEREE N 0.176 7 0.2902 0.3195 1.3926 0.1737 1.0906 0.3128 1.4107
AR R S — i 0.1959 0.3082 0.3298 1.2955 0.196 6 0.5124 0.2916 1.296 3
e EE 0.265 0.209 7 0.2868 1.1885 0.2715 0.503 4 0.2826 1.1957
TR 0.4477 0.3812 0.400 9 0.7018 0.4851 0.626 1 0.3363 0.6543
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Fig.4 Comparison chart of various parameters
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Tab.3 Identification results for crack in eggs

with BP neural network
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