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e — 1,2 NIRRT r 3 rac 1 s T 4 W B 1.2
E/%’Z; e j{ 3& ) 7&?5& ) /%ii%%‘(‘ ) ?B*&ﬂ: ) '?é:}):j%?( X
(1. BRI AR BARPAHOR AR, Bat 210095; 2. BV R RV TR b fFifahul, Bat 210031;
3. FRAO R BB R, R 2100955 4. LB MR ARAR, 51T 2238000

7 OFE: BRI P T S BE N EE 5 2 B A R R R, 1R T — R AR A5 R (back propagation, BP) #f
22 X 235 [14) YR TR PR T 5 R R TIOM JvE o DAESBUAE 4°C At T IR TR NS PR AU % 5, SRR R 400~ 1 000 nm &6 HE(E
B3 419 MEBAE N B, A T4 B &N E AL (competitive adaptive reweighted sampling, CARS) Fikiik
H 34 ANMRHEBEL, 2370 DA AU B RHARAE I BT B DG TEAE A 2 BP M PIZE N, KA SH#EEYE (bird swarm algorithm,
BSA) A% (immune algorithm, TA) 4k BP #1485 WX 4% (1471 G A 28 RN BRI{EL, 422 37 1 B0 PR 4 9 4. (1) BP. BSA-BP.
IA-BP. BSA-IA-BP Filll# R . iR5025 K] 4id CARS iR AL KK BSA-TA-BP BB FIINRCR e, TR ARG
RBRp. YITRIRZE. FATIMMWES B4 0.93. 031 1g(CFU/g). 2.68, HAEAIFaE . & T BP W& M
245 ST B PR B S B DU O ARG TR AL T R S P AN B R R
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TR P o2 DL E SN R, S 2R e gk
INTTTE, R ARk A I, & H Al &5 2
I AR A PRI 1 it o A o v B ) 0 3 AT 9
WS, B 24 J7 80 UR EE P S R sz
W ER (R REAR ST A TR, T
Wk o A g, BMEEARIR A B is i iR T, R
AL R AR S A K B SR K R A £ T SO R A
il AR T, B FRINE LB ,  [E I 5 T 2
R RMCOR R H TP b T S B I E 2R
SRR TR, 1207 vk I T R, (BRI K
FEM B REE 0 . BEE BOR BB, 724 7 — %
Fi AR U =ML FF (adenosine triphosphate, ATP) A4
RAFARY, BBl 2 R 0%, Sk
GO EL, XS BRI AR B W R 5
AR RE A IR, TEIEE R RAT IR & S

Wk HiH: 2019-10-13 21T HHH: 2020-02-06

HEWH: THEESTIRIR (L201704); s AR % 3L
U &2 B H (No.KIQN201732, No.KYZ201914); [EZK [ SRR #3410
H (No.31601545); RZAEQF NN RIL IR (S20190025)

fEZE R E¥Ew, B, EZEMNFLRBN . R Gefs il e s
W5, Email: wanghy@njau.edu.cn

MOBEIER: IRRR, #i, WS, FENFRAI R I A 5K N

H. Email: huanliangxu@njau.edu.cn

I TEL A B R,

IR, G T OB AE R — b PO TG B R AR,
Wiz N E0 e G P TR L o OV R TR
Botsirh, JFRASBIF R EE R . X LAt 5T 32 B A
B Y, 0 VR G P I S B SR . Ak, R
W — A E IR H SRR, o A A e B AR et g .
W gE R BN, et P R A R T, R R A
P2 PR A R TR S R S 4. X FE AR R R, XA
f&3% (back propagation, BP) #1458 W 4% HA 15572 A6 A1
He AN, BLERLH R RSOE R . G N R/
TERE A A i ), BN IX Y 8, Mohamad 213
HF KL T HESEE UL BP M X IR E K J7 7%, 7]
AT R0 v 2 Ao B8 At RS )92 A e 0 N TS
Gu ZEV e T AR e B S MK B AL b, SR A%
X BP MM S YIRS HOEATI, XM IR RS2
BT KPR TR BE DA R W e SO B . k) AR R
FHRURRESTIE (krill herd algorithm, KHA) X} BP #iI£: [
LRI AR B AN A AT R, BESL M R KYS Gt hn g &
5595 G 5E e (7K 5T TN AL, S A S0 R e A ) S
MR R ER . HIX LA FVEAAAE RS RS
P RE 77555 B s 1

9T 3T BP #h 2 2 SR RE, A SR H— AR
9575 (bird swarm algorithm, BSA) Al 5 ik
(immune algorithm, TA) fALE 7% =% BP B8R T % .
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LR B RN B FER B, REEILRITDGIEE R,
GV B & M E N AL (competitive adaptive reweighted
sampling, CARS) BVEFRHURHMEREL, FA2ik BORRHIED
Boof ROGTEEAE Ny BP BRI, B S8UE N BP B
Fifd, BT 2RO BP M MY S, d
LR PR TR Vi e BT A Y

1 #R57E

1.1 MR 5w

REEFEARBIL A B EmERRB AR AR, ¥
HHE AR IR O AE” BN AE AL N N
—4y 3, FHFELN 110 g, JHH A RSB E ARG
G5 ET 4 CUKFEAIR, T 1 dEHTERE. 7555 19 K
B, FERGCEY S 2 OB EFR GB16869—2005, FfHL
PR S O A, R SR A, DR [ S
N19 do RRUFIRIR S B B RTME, T T 3 ik
B, IR 80 MEAS, FLi1T 240 MEA.

AR TR (plate count agar, PCA) HiF#¥%E: ik
EAMS5.0g, BEEZH 2.5¢, 4R 1.0g, BE150¢,
ZEUEK 1L, pH{H 7.0£0.2;

1.2 UE5E&

Hg 64X (ImSpectorV-10E, 3£ Specim A
CCD #&AHL (ICL-B1620, [ Imperx A ) , A
HIF (3 900ER, ZE[E Illumination Technologies A &])
KGR (Spectra Image, &5 Isuzu A 5D , fHE
TEIEFE (HWS-150, TURIFHELImARARARD , &
G (SW-CI-2FD, MR ZR_RAWAFD , Ik
ViR FEAE (BS-1E, WM EEBEBEFRARD .

1.3 HIER&EFRE
1.3.1 FHhgreats

KRR ORI R R S B, W E
SRR L BEREA 30.0 cm, JEIRIHIE N 90 W HE
PP 45X HEREA, BEOEIS RN 1.8 ms, Hi&i#E N
6.8 mm/s. JHFBRATE WA BS, SIS RO KT EA
400~1 000 nm, 3% 419 MEL
1.3.2 WEEHNZ

RAETAEXS WAL mDBIE G S, ELRAET,
MRS ARG Y CRBRARE) |, FEXTRE g7 iR
SIFALARER, BEALEC 3 IR0 HRE AT R v S 2
SE, BN 3 WRINE S5 BT BB AT R S TR AR
o B TESBON E J77%k 2 IR GB 4789.2—2010 (& imfizE
YRR B — T VR M EO ) POk
1.4 HIELIESE
14,1 B IRER

Bl 1a N FE 2B AR OE S5 1 s 6 i B X IR JE
B R e T AR, B 1b Ao e A B A Xk A R JE %
BB X 3, R ENVI 4.8 A T $2 HUiZ [X 35k 1 0l 1% %
W, TREEROSER X IR P BT A B R SRS P ME, E
NEREARMICE S B, WK 2 s K-35 &k
i 2%

a. JEAUGEE

a. Original image

|
\

b. &5 EIE
b. Selected image
CREEES ¥ T

Fig.1 Selection of interest area

X
Relative reflectance

05360600 700800 900 T 000
%K Wavelengths/nm
B2 240 Drifl 32 a8 A - 34 R ik 2
Fig.2 Average spectral reflectance of 240 prepared chicken

1.4.2 Faxe

ARICRAR S HAb 2 IuHURE E AL #7712,
T 3 O T R 2 AL DL R H TR i 2 T TR IR 22 S T R
JEHET IR LA W UE B K R Ry FIAE XLBGIE
EB)HIRIZZE (root mean square error of cross validation,
RMSEcy) A PP bR i S tE AL 3 77 ¥
1.4.3 4k KR

H T 1 R AEE BRI B TUAR Y, AR SCR A
CARS FEARBUGTERRFIE , 128 AT AR X 3 PR ) r
EPAC . CARS Sk T EARYGIA /R SR K “ i
1727 MY, A A A B AR R, R S R
FHINBCRFE AR 1% B B /> — I [V (partial least
squares regression, PLSR) #5741 v [m] 15 Z 0 26 % B K A%
B, MEREE R E AR, i 2 ok T ik
2 — RI PR E T, IR AIr58 ARG
PLSR #4H1 RMSEcy fi/NAR B T4, BN AR IE 3
KHE.
1.5 B{ifAY BSA-IA-BP 12!
1.5.1 BSA Hik

BSA H:T 2016 4FH Meng 25242, & —Fib
R R EE, FHEEBAERET YRR, &
FANIEHE 3 FHHERIT N . BSA IR AT A 5RFHEH
AL, B BSA SOVALE B AR BE 505 M S0E 2 R
(1 TR IS, 3 LA SRR B v 5 M T 5 S POVRR . BSA
SR A A 2 B0t & AR S B A A4 P AE 1 2 (R) AL B
o, JE R I N R O AN R BT AL A TR AL AR 95 BE AT PF
fr, JFKIESHFE I B I RETREIT A BERATHN
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FE BEAT 55 S WS A W B8 AN AR B, B3R R A
OSSR A=
1.5.2 IA K+

TA e A WL, B H i — b 3 B 3 R
REE, K T EMRERGEE R RET] . 2R
TREFHLE UL B HAT 23 A 2 R LA 5 5 27 1A SE
SRR AR R E T TR B, E B SEA R
MHET PURIRETFN H T iSRS T ik
BHT. nlH T TRET. wEMEE P
HFEFHEZEHERASE. WES B AP MbtE,
FIH SRR RPN PR ) &, s wfE, B
A ) 5 g% A XS PR AT A Wi Ak, B 23R 13 A
ETIR N
1.5.3 pit#y BSA-1A-BP AZ R

BSA HUEIRSIGE TR, (HLETA S B 5 BN 5
B, M OIA BIREARGRIFRAE S, LA ST
BSA HiEiE R R 5N TA BVER SR, SAMA
AEGRAE, SEIBEAZ R, YORE TR, DAREBRE
Wefli. BSA-IA-BP FEE LR A:

1) #fi5€ BP &ML 25 1, f N AR BB iE,
T OB TR S

2) BSA. 1A Z¥WIMEMN, CFEFEEREL V. IERIR
M. RATIE FQ. WEME P, wlEIUASL Nel. &
SR Pm IEESEC. S ai~ a,s a. be

3) BEHLILE LR EE R AMAALE X={x;0 x25 ...r Xi)s
k 29 BP #2828 BCEE A A Bz fe il A (D
THEASAE BB, 5 Tl B H B /)N 33 LB R D B A A R0
N JE Gbest ¥IUHME, FFICRBMREME . RN, H45
A B ATLA A IE 7 BEAE 9/ B A 38 B B Phest; B146 18
FRIC A ML E . SR A R 22 1R s B BB Ax),
M5 P oy BN BB SE TR, n IR
A, REARWT:

f()=2" |M,-F| (D

4) ARTIFUE, WY BSA ITHE. 0 A A0 ) B
BOLE, FErEAMAIE R

5) BANMAOE R IETH R HET, /T N2 SR
Py, J& N2 DNMRIEH Pyo

6) PREA Py, X Py BT s f . A R S AR 1
F| Py,

) G IEEER PRI Py, ELBIUFEAMAERIE, R
&N B /ME /T Gbest, T HT Gbest K AR AL & 5
[ B B3 B N AN R 2 BIE B 5 S BT B B S B R
AN, AT RGANMASE N E EE Pbest; /N, T T Pbest; M AR
AMELLE -

8) AW ik Bl KIE K EL, BRI Z D
o) s mMEEELPE3) .

9) Hirth Gbest K H s RAMA, FEEHRALAMEARN
BP #2825 AT YN ZR A1 T« BSA-IA-BP iR FE &
Wik 3 s

M HTBS AR L1747 L B2
IEVE SRR RS B

| K BP Y 45 £ by ‘

I

|BSA\ TARI: 250

ok T AT
SRR NP SR, P,

— []
S FERLR IR IL, ,
e el BT
[
ZORP P, JFULH
RN s GbestFlPbest,

XIBPMIZ6 AT I 45

JINZi b ¥ AR
HEAT F

R BIEAR RS

B 3 BSA-IA-BP & iAA2H
Fig.3 Flowchart of BSA-IA-BP model

2 HR5SH

2.1 AEBAMTEIEPREDEKRFR

HIPE 4 . B TN RIS n, RS A R
VRSB R S BB, f71E R B HUH AR 2 .
VHEEXS R IR U6 1R 7% S 80N 4.65 1g(CFU/g), 7EIEK 3 d
W, YR RSBIEIESUN 0.52 1g(CFU/g), 1E55 9 K,
T NCB I IR IA B B KB 2.63 1g(CFU/g)e  HIT-7EI 58 4]
W, RS DA R GO A R S P 5 NS DL T R, Y
KHEZE, 2l 3dENE, WHETHgk.
MR R BRAERY, S REA P B AR 6.00 1g(CFU/g)
WIS, LRSS 5 RAA, JHEEXS i #v%
S Sk B R W bR A

8r

~
T

/+/°\}/H‘H

3

/

v

PV B
Total bacteria/(1g(CFU-g ™))
wn (o))

&~
(=)

6 8 10 12 14 16 18 20
¢ I 7] Storage time/d
B4 REEA T EE ST
Fig.4 Change of total bacteria in prepared chicken

2.2 FEBHEBIEPSAEEETUER

Bl S RIHBIRGEE 3 Ry 7 Ry H 11 R, 28 1S
R 19 REDEIE G I BEEAE 2k, B ip A 01T
2R 350 B 24 R BT A AR AR IR AE i 2 SR P 3 1521

A 5 %, 7F 485, 660, 760. 980 nm I K I FE
TE B RSO o & G R EE XS PR R Ak 2 B A3 B L 2R
P, WTLURIAE 485 nm /247 ARERIA B | (metMb) 43
T RS R iR, 980 nm 22 A5 K iR,
760 nm A A7 N IfLAT B R DL S LT 8 1A 5 AU )
B 25 R TR I, SRS S BHEE B s, T
RE FH TR L DA SCRE B I, ISR i e, K
Xt A LI LE AN RSO s S BORRE S EHE R b
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4= O

0.4
0.3

HIXH R
Relative refl

e Qo
)

4?00 500 600 700 800 900 1000

% K Wavelengths/nm
B SRR R R A S (A th 2%

Fig.5 Spectral mean feature curve of samples with different
storage time

2.3 FEBARESLIREDLE
2.3.1 HAKXS

KH SPXY (sample set partitioning based on joint X-Y
distance, SPXY) B4 240 MNMABEXS RIFEA LR 2:1 [k
B> R IEE AT S . K] IBM SPSS Statistics R24
THEX R AT Gb, S5RNE 1 s, KRIESE
FIYE Y R FIAE, H-PSEAbRdE Z A0, AR
AHRN BB

*1 BEERHERFIT

Table 1  Statistics of total bacteria
o A M
KA FEAH Total bacteria/(1g(CFU- g'l))
Sample set Number of - - ——
ampleset  “oimple  BME SR TEE e
Minimum Maximum  Mean SD
&ﬂ:% Set 160 4.25 7.93 6.59 0.99
Calibration
VS
IR Set 80 425 7.79 679 084
Prediction
2.3.2 Tk

KAVHEIES TR, ZuBURRIE. —M S,
TS 4 FOTEO EDEEE BT AN, b
SEN I S E F Savitzky-Golay R 5, SRR TIE &
FoA 15, Z0RIRECN 2. AT 0HEERh AL BE 5 1 R0R
AT BN, KA PLSR X AL R ()G i(5 B kT
B, R G IE B R AT R XERE, #I Rey F
RMSEy #i 5€ e FACFE 7325 . AT PLSR E il A5
KREUG % MERSECH h B, BHTE R RS
Hp—ANFEARMENIARSE, HARRRFEARE RIIZGE,
FIF I GREE @ ST E i $0 1 i) PLSR B, -5 T 4E
FITRIIAE 5 FLSEAR AR 22 7 7 M, FEIE IR AN EEARE N
IR, B BT R A TN 5 B S R 22 7 7 Ak
1T3RF, 192|572 PRESS,. FERFIHrEREASEAEE
B A h-1 BSOS, #257 PLSR A7, 543 MEAS T
MHE 5 B SE R ZF M, 5 Fr o FEA IR 227 J7 fiR
MIf3H] SS)1. 24 PRESS,, 5SS, LW/ T 0.95% 15, #fiE
HHTERA A B ERTE R N 2 FFEIATIER, &
FI AT E RSB B L BUA B &, &
SN WER 2 FoR, AS[E AL EE 7% N PLSR &4
R

x2 AEFRAIETETHY PLSR BIRLER
Table 2 Performance of PLSR calibration models of samples via
different pretreatment methods

LR R
TiAb 7 v Number of  FH¢ R4 2
e RMSEcy/
Pretreatment methods principal Rev (Ig(CFU- .1))
components g g
JRUEHHE Original spectra 6 0.83 0.54
U T A AR B AR
*F/ﬁﬂ:‘u}{‘%}{?ﬁ%_ 6 084 053
Standard normalized variate
_ BUCHURIE 0.84 0.53
Multiplicative scatter correction
—Br 5% First derivative 6 0.86 0.50
“Fr 5% Second derivative 7 0.91 0.41

H#& 2 05, SEMaEeilE B E LB,
S bR IESER R, ZIUHRIE. — B85 =
br SECEEWAL S, B8 Rey 3 EJF, [ RMSEcy
B R, BRI 4 FhEUAbEE 7 ik BE A R B IR AR e v
RS R, o T SR B RO R, BT
Rev N 0.91, RMSEcy N 0.41 1g(CFU/g) o 4 Rey~RMSEy
SER, Wi W SECN R AT T . JE ST
e, Bad S,
2.4 HEAEIRERIEE

Kl 6 4 CARS FETfEFRHIE R EITE, FRRP R
FERECH 50, W 6a Hf LLURIL, Bl AR B I,
P BERFAE K i, Hosk /b (5 B B R B, 1A
DURFIE B I PR PR A MR 2040 s 2. ] 6b NaE X
IG1UE RMSEcy AL, BEAE KA EE N, RMSEcy
SRR EA RIS N G0, 7258 24 UCRFERT,
RMSEcy 1/, ULHATERT 24 UCREER IR T 5 575 &
BIKM P KA R, MG 26 YCRFEF A RESIMG T 55
HAMECE KRR & . & 6c R/ RMSEcy KRR
RO HE SR, B & & ARR S ISR &
A R ELBE B RFE BB LA % . RMSEqy /), 15
B 34 MNRFAEPK, 4354 408.03.426.91.522.09.562.99.
614.36. 654.70. 731.72. 746.32. 749.25. 760.94. 762.41.
763.87+ 777.04. 787.29. 790.22. 797.55. 815.13. 853.24.
854.71. 857.64. 876.68. 885.46. 891.32. 892.78. 930.77.
940.98. 949.72. 971.54. 980.25. 983.15. 987.50. 990.40.
993.30~ 999.09 nm.
2.5 H5EE

o T AL B OGRS B, 4 M o T A B
CARS Fide - 1iF 3 B 1) BP. BSA-BP. IA-BP. BSA-IA-BP
TR o FFAR BRI A Hh TS 5 S (B AH ¢ R 5L R
YJRi%Z (root mean square error, RMSE) , VLR &
T fw# (residual predictive deviation, RPD) i %74 i
T REHEAT VRN

PR BAR S5 ARUE M=800, FEMARIIFE N=100,
®ATHIE FQ=10, wFEPLIASL Nel=10, & 52K P,=0.7,
FBLEE B8 6,=0.2, a=b=1, C=1.5, S=1.5, a;=a,=1; BP
HPZE R 2% e RN R IR ER 10%, 2231 0.01, YIZEH bre/)
W 0.001, H/MEREREEE 107, BEMUZ%E0 1, HAT A%

S
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8
g% %08 . :
‘H o ’ | 4 : A
g 400 Z 07 g : /
® g ¥ s 2 :
1 2 300 = 306 =23 %
£ =200 29 e e VA
=5 100 = %04 g :
2 oL . . ool AR - S| S N
£ 510 15 20 25 30 35 40 45 50 20 5 10 15 20 25 30 35 40 45 50 & 0 5 10 15 20 25 30 35 40 45 50
Z

KFEENumber of sampling runs
a. P KA BB R IR B R H

a. Trend of wavelength with number of samples

KFEENumber of sampling runs
b. RMSEcvBi FAE R B Ak %
b. Trend of RMSEcv with number of samples

KFEENumber of sampling runs
IMEVEES Veshults|
c. Trace of regression with number of samples

B 6 CARS Fix R ihik sz
Fig.6 Variable selection process of CARS algorithm

n, =\n +n, +m 2

A n, FBEEZ T S HG n NERINZE T G 0, N
JE R AR m B ARYE E RS HR E, FIH MATLAB
2016b FATH H

Kl 7a f1 7b, 3R BARHIER B, TA-BP,
BSA-BP. BSA-IA-BP 5 8 S AL AN 4438 97 8 45 1) 48 44 i
k. M 7a K0 7b FTLAE H, 3 MERIFEIERPIHE, ANk
BAUIENFE N PR AL R, EIERR]— e ik
J&, BSA-IA-BP A (1) 4N g Mo I 7 P A — B ORI AE =
HHRAIRA, 1 BSA-BP MR AMA B AR IE N — H
T =F v m. %51, BSA-BP A E GG T
JRER AL, TR SR EAEME . Kk, U0 1A FykeT
DAFE BSA BVEM R AR ), BERPENE A

IA-BP. BSA-BP. BSA-IA-BP %1 BP 4% [#)4]
GERUE AR, B EIEAR 800 K5 f A& . il BP B
R WA R A BIME, %k BB AT S T A I ZhfE AR
I N S AN N — AN BENLANME . S T BT VRN,
SREL 10 YMSLEE IS, ¥ 10 k95 EEE P REE RN
AR, i3k 3 Bizs, FIH 1IBM SPSS Statistics R24
SEANFRE Y 10 YT AT 50 #T

7 200

=

£
s § 160}
2] sh
2% 120]
HED
LEE
Eo% S0f
$8=
=£
= 40

=

°

= 0

0 200 400 600 800
JEAR U Number of iterations
a. AWHBT 3 IS AYE N 2k

a. Fitness curve of three models under full bands

7 70

E 60
!
2 2= 50l
=
WMES
445‘5340
Eo%
PERY
=g
=& 20F

=

S 10

0200 400 600 800
IEAR W E Number of iterations
b, RHEPRECT 3 PRI B R it £k

b. Fitness curve of three models under characteristic bands
B 7 R EBRBARR 0918 5L 8 &,
Fig.7 Fitness curve of model with different bands

R3 TREIEETNHR

Table 3 Prediction results of different models

BB g AE S

KIE4E Calibration set T4 Prediction Set

b Number of Modeling i%ﬁ&(ﬁ . RMSE/ RMSE,/
Model waveband duration /s Number of iterations Rc (Ia(CFU- ;_1)) Rp (lg(CFU-g'l)) RPD
BP 0.98 10 0.95+0.02 0.32+0.05 0.83+0.03 0.51+0.05 1.68+0.18
IA-BP 34 0.49 7 0.97£0.01 0.26+0.04 0.88+0.03 0.40+0.05 2.10+0.23
BSA-BP 0.58 8 0.96+0.01 0.27+0.04 0.90+0.02 0.38+0.05 2.25+0.25
BSA-IA-BP 0.48 7 0.97£0.01 0.25+0.04 0.93£0.01 0.3140.01 2.68+0.13
BP 95.47 7 0.90+0.03 0.46+0.07 0.66+0.03 0.81+0.08 1.05+0.11
IA-BP 419 51.72 5 0.95+0.01 0.31£0.04 0.83+0.02 0.49+0.03 1.7240.12
BSA-BP 52.59 5 0.95+0.02 0.31+0.06 0.86+0.03 0.43+0.04 1.96+0.18
BSA-IA-BP 38.51 2 0.97+0.00 0.25+0.01 0.86+0.01 0.44+0.01 1.91+0.07

i3 3 741, 7£ BP. IA-BP. BSA-BP. BSA-IA-BP
4 PPEAL A, BSA-TA-BP 58 TG 5 Al SIoH B i £ -
AR B R 1) BSA-TA-BP R TS 2 e e, T
HEAHRRH Ry N 0.93, ¥UTHLR %N 0.31 1g(CFU/g), H
KT Z RPD N 2.68; 4B T 17 BSA-IA-BP 5 411%
R E DA 2. WHED TA Fik=ERABME, fE
MR BSA BEFRER ST, BN SRR, E—E

FRPE 3 A 20 T RS RIS SIOE T . AR 2 IRI8 47 45
J, BSA-IA-BP BT IEN e bnbr e 284K, FL Re
F Ry #AEL 0.01, 1] BSA-IA Bk 5iidfitiEm BP
R RRE M o R AR (B S BP SRR ], AN
FERTHARAL BP W46 S B HFERS ], MR AFTTLUE H,
25t BSA-IA flift BP #4545, BP @R &M,

FEADRIEAW BT, RERB AN E.
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GiAh, I RFIE R BRI A i B AT R L, RRIE TR B
ST R AR T A B, KR 2B BSA-IA-BP
AR Rew Rp IERIREL 58 097, 0.86+ 2, FFfiEYK
BN BSA-IA-BP f8U ) Rev Rpe IBARTRELS 514 0.97.
0.93. 7. ZiHFEIEEUS, BSA-IA-BP RS IE 4T
KABKA Z R, MBNERMHEREE T EEN
I, WEEERARE . B  L A S B T A
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Improving hyperspectral detection accuracy of total bacteria in prepared
chicken using optimized BP neural network

Wang Haoyun'?, Song Jin', Pan Leiging®, Yuan Peisen’, Guo Zhenhuan®, Xu Huanliang“**
(1. College of Information Science & Technology, Nanjing Agricultural University, Nanjing 210095, China; 2. Postdoctoral Mobile Station
of Agricultural Engineering, Nanjing Agricultural University, Nanjing 210031, China; 3. College of Food Science & Technology, Nanjing
Agricultural University, Nanjing 210095, China; 4. Jiangsu Yike Food Group Company Limited, Sugian 223800, China)

Abstract: Meat spoilage is a relatively complicated process, in which microorganisms increase nonlinearly. As a non-linear
model, BP neural network has strong generalization ability and fitting ability, but there are some shortcomings in the
application, such as slow convergence speed, easy to fall into local minima and overfitting. Thus an optimized BP neural
network was proposed. Prepared chicken was stored in a refrigerator at 4 ‘C, and 240 samples were collected. After obtaining
400-1000 nm hyperspectral images of each prepared chicken sample, sub-samples were randomly selected from each
homogenized sample to determine the total bacteria. Then, the spectral data was preprocessed by different methods such as
differentiation, standard normalized variate, and multiplicative scatter correction. The PLSR model was cross-validated by the
leave-one-out method, and the best preprocessing method was determined based on RMSEy(root mean square error of cross
validation). After that, based on the pre-processed spectral information, 34 characteristic bands were extracted by CARS
(competitive adaptive reweighted sampling) algorithm. Finally, the spectral values corresponding to the full-band and filtered
characteristic bands were used as the input of the BP (back propagation) neural network, and the total bacteria was used as the
output of the BP neural network. Bird swarm algorithm (BSA) and immune algorithm (IA) optimization were used to optimize
the initial weight and threshold of the BP neural network. The prediction models of the total bacteria were established by using
BP, BSA-BP, IA-BP, and BSA-IA-BP. The results showed that: 1) by introducing the IA algorithm’s immune operation, after
iterative stabilization, the total fitness of BSA-IA-BP was significantly lower than BSA-BP based on training samples. This
showed that the search ability of the BSA-IA fusion algorithm was improved, which could effectively prevent the BSA
algorithm from falling into a local optimum in the later stage. At the same time, among the four models of BP, IA-BP,
BSA-BP, and BSA-IA-BP, the BSA-IA-BP model had the best prediction accuracy and convergence speed. Among them, the
BSA-IA-BP model in the characteristic band had the highest prediction accuracy. The Rp (the correlation coefficient), RMSEp
(the root mean square error) and RPD (the residual predictive deviation) of the prediction set was 0.93, 0.31 1g(CFU/g), 2.68,
respectively. 2) By comparing the characteristic band and the full band, the overall prediction effect of the characteristic band
was better than the full band, which indicating that the CARS algorithm could effectively delete the wavelengths, reduced
redundant information interference, and improved the model prediction efficiency. In general, the use of hyperspectral
technology for non-destructive testing of the total bacteria in prepared chicken was feasible, which can provide technical
support for the online testing of prepared chicken.

Keywords: hyperspectral; image processing; prepared chicken; total bacteria; bird swarm algorithm; immune algorithm



