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PLS, 37 4% [ HL(SVMVD Fl 5/ = 3% 37 #3571 /L (LS-SVVD F A 20, SVM B 5 75 31 85 48 719 4 1F 48 T 25
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CEENE o

FOK Iy WOESD PR S B A

JEUIR T 21 A1 ' B H R AR AL B R T A G B A B
R, HWZB MR RS SRR T, XTI SER
IS BT A B M AR . PR, B IE 2 0 O % AL By ik
CRURBEIE L P A B0, ROBE 4780 78 & 57 38 75 vk 7 A 300
B 5 WM 8 AR T O RO MR AR B S TR R mOGIE S sl 48
i I8] B RE OGP o K 524 1 A 3 L T A 32 (competitive adap-
tive reweighted sampling, CARS)™ | & {5 & 25 & 14 & 1%
(uninformative variable elimination, UVE)! I % £ #% 52 &
¥ (successive projections algorithm, SPA) %75 ¥ v T f#j 1k
FIAR A T 21 A1 D' 138 Y00 A8 70 2 A 4

AE [B] U= T390 43 B A . A B/ 3¢ (partial least squares.,
PLS) S8 2 00 FH 04 £ 1 09 J7 3, 24 48 DU 48 4 5 06 1% 2
o A AFTEAE LRI O R I, SR F M 1) [0 09 O 12 TE 7 52 9 D 1%
{5 B FE o FEUL, 52 A T 1 . oA i R O 5 B 1 JE 4k
PEIR) B, JF 2R M 5 Uk {2 FF 3 FF ) & HL (support vector
machine, SVM) Filfi 5% /N = 7 3 35 1) B H1 (least squares-sup-
port vector machine, LS-SVM) & #f H T I 21 4b 56 1% 751 ) 4%
U . S, BRI 040 i Y 2 1 R AR L T A A
Xof B TR W s A TR AL

AWEFE UL W A i 5 P B 4 2 4 i TVB-N ¥ B2y 50
4, RERES 680~2 600 nm (YU L0 AN I B, £ 2 Fb
77 1 59 I B8 BIORR B DR B S W RE A S X LE 2 D AL 5 vk X
0D AR R R M . DA [R) AR 0 0 O 3 A0 S R AR
PRI ZR M B A et A T vk ) TN 1 e o o S A 1 2 i S
P A7 0] TVB-N TR Y, Ay 52 0 bR 3 C 46 4G 00 A8 6 5 [
i TVB-N ik B R LS 2% R R 3R

IR

1.1 #R5{XEE

TEVLINE R A MR TSI L Y KB FE 4, I
B AL, VIBRINS i AL, BB DI 3 em X3 em X1 em
(KX FE X ED R 150 4>, BATLRASIH L 4 CEREEE
FAE 24 h NP ER K= T¥ LR, FHEMLET
A AL S (LRH-250, Fig—EASARD T, 45760,
4, 8 F 20 “Cl B T AR . GRS i 4 R 24 h 25 B 3 4>
B AT, 20 "CTFEERR 12 h I 2 PoRp AR EA T, 3
W11 d, LR 121 fEEA,
1.2 FiEHEIIRE

K F SpectraStar 2600 XT-R i 21 b 6 3% X (£ H
Unity Scientific 22 7)) R4 £ WA NG, HIERECH 12 K.
AT E N 680~2 600 nm, 4rHEER K 1 nm,
1.3 #EZEHER(TVB-N)RENE

I GB 5009. 2282016 £ fh 4 4> [H % b e £ 5 P 3%
R U I ) i B RO W R TVB-N I
.
1.4 HEKRESEHESE

it MATLAB R2018b #k 4 (3 & Mathworks /A #]) 58
LB ALk B RS Y A 2

L4l FFAER Bk

F FH 5% 55 K 3 K &£ (Monte-Carlo sampling, MCS) ¥ JH
Bk S RE A . SR A BR B R O (D A () R, it
B {H 2 — 0 By SRR AR

Mipreshola = pm 1 3om [@D)

Sihreshold = s 1 305 (2)
Hod . Miveshold N 8 FEAS TN 5% 25 BIE B B pon o N4
HRE A T 152 2 17 (B B9 5B RIAR UK 22 5 Stnvestola 85 HF A T 15
FERRUEZ I B . s N o5 S 25 A AR B0 15 22 7 22 119 249
FIbREZE

[ B ) FH 25 BG BE 2 #5 (Mahalanobis distance, MD) 5l B

MD 3 R FEA . B{E B E A

MDyyreshols = g+ 30 (3)
3, MDyeanors HEFEAR MD 1 BIE, p Fl 6 & FEA
MD [f) ) {8 FAR E 2%
L4.2 BAEX»7*®

B SFEAEARZ IS . B G5 PEAL A8 3 4 FE 2 (sample
set partitioning based on joint x-y distance, SPXY) . %1 43
W 7SN REAC I IESE . R N I IE R FE A
L4.3 SRR &

AR A Ak 3200 T AL B 5 0 AT A3 S BUR B OE L T AL EE
FOBE 4 i % o S AR 1E B 46 £ 50 80U K IE (multiple scatter-
ing correction, MSC) FllFx#i IE 4 7% #t (standard normal vari-
ate, SNV), HITIHBRAE G MORL RO 22 59 053 A1 2 5 % i =
SOERIEE I T AL BT AR R M L, WA Savitz-
ky-Golay % L3 35 (S-G smoothing, SGS) . # 3 F ¥ 5F iy
(moving average smoothing, MAS) % 1k, N E 48 e 15 5
— A4k (Normalization) . H1.0>fk (Centering) . #5 #Efk (Autoscal-
ing) 5, R T R B RO 22 S i S i o 43 00 SR 3 7 R s
X REAR BTG WAL, DL B e A AL RO
144 A4k K06 ik o ok

PR HIEIEIE 1 921 MR, FHETIRMZ HILL
PEAF L o O 0 e AE A IR 4 G 1% T i v A R TR 0 P A

CARS JEHFR R 7 16 2 56 T [ H R B ALE . RLE(H
I U 2 12748 i 0 A 7R A2 7 1) DT RR AR K, B 3 T AR R
K.

UVE DU A Az R 5585 (1 B AL IR 75 3 7 PLS B 75 5]
Ml H R B R, 3 5 A% A e 0 RS 1 O O R R R AR
i, BB B LS R AR R 4 X {E 1Y 0. 99 £5 . UVE
et I LR AR S A A . B BT A AR S W £ E AL
2R PR a) B, UA [a] I (ridge regression, RR) ¥ J& f# e i 25 [a) B
A RO 55 (B2 B A B 50 A e [0 U5 T 0l 1 4G 00 o 1) R AE
WK, f UL UVE 3 9 5L Al B 5] AW [m] )3 3245 21 B ik
i TG {5 B 25 B % (improved uninformative variable elimina-
tion, TUVE) ., LA3E— 25 ] fh A 70 A0 5 oo T0000K5 B2

SPA LAIESHE 7 Hr 2 d e K A8 & JF R B 0 TVB-N
THURE A R AR A 1, 7 2 ) S 2 M B /)N B TR B
A,

1.4.5 FAM EEEF &
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PLS 78 2 B0 43 A i S ik 1o b 3% 70 38 b (8 [8) i) 3F 457
G PR B X G TTRR R Y A i T A R 25 e Y
T FELR M I AR A

SV M 7 F) F 4% R H0H IR 48 S A 55 3 55 4t e AiE 25 1]
HAE R LR IE S AT R A, 38 TSN AS Rk
VIR S R, LS-SVM & SVM [y gt ik 5 i, #F — 2
REEAR T30 5 2 P 0 2 oy o B B B . 8 AR 1) B R B (radial
basis function, RBF) Jy SVM #& # & LS-SVM i &l i) #% B8
B, LLH-# 22 5B E (Y P A% 1 R (grid-search) 3 Xf SVM #&
T B H(C, )y IS LS-SYM BRI KB K (rs o)
BEAT T

PEPRAL IE P E R RE . B iF P8 R RY
122 RMSEC, Bl 7 il i 22 RMSEV k8 7 ok fig
B o

KL IE 3 75 AR
PEAG 8

2 #ZR5HHE

2.1 FIBRRERES

P10 121 A 2F PR A B D 0RO 21 4138 B IR O O

W T KT O—H B 45 4R 3l 1 — A% 40— 9% i 45
Wi, 76 980, 1 440 I 1 940 nm Fff 3T 52 B0 Y 0% e 0%, 7
C—H #1114 45 % 3 A 5%
FEAR 1 S 335 il R R B AR AL ABAS TR) i B i b 5 A
VLI H b= 2R

1 2001 2 400 nm B 0 & 5
A e Ut
TR BB,
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Fig. 1 The NIR spectra of mutton samples

R MCS BR800 58 A A, a8 sl 11, W
R J5 S Centering, flFEREL 1000 R S5 FE A K I 45
FULE 2, BB R Miehod N 6. 4+ Siveshod N 2. 198, 5 47,
89, 94, 103 Fl 121 PMHEAP A 2 Jy 7w A,

B 3 & 121 ok AR A 25 #5065 1 MD 43 A6 B,
MD () 349 B FAR VAR 2 75 3 B (B 5. 596, & ik 9 {8 1) 5
WREA K A7 2, 89 -, 94 -, 103 B, 5 MCS 3 (1 # I 45
RESER .

P 9B SR E S 1 116 REA, SR SPXY 53k Xl 4 1%
TEAEFISIFAEREA . £ TVB-N ¥ BE 19 G340 07 45 5 tn 3=
1R,
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Fig. 2 The outlier results detected by Monte Carlo

sampling method
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Table 1 Statistical results of TVB-N concentration

of mutton samples

N o TVB-N &4 /(mg » 100 g 1)
BEASE  REAM — - - —
WA ROME OPHIE R
26.58 4. 81 14.51 5.82
5

23.26 5.55 12. 66

BIE4E 87
iRl 29

2.2 FEB\AERAETLELE

43 M B G 6% S & ad 7 Fh Ty ik TR B A O N 4
BBy PLS WA AL, A5 IR L3R 2. 5 5 4R D61l ir g
) PLS #AUAH L, By SNV, MSC, Autoscaling &b 3 19 5% %
B4 A ST ) A R ME BE XY R B, 4 Normalization, Centering,
MAS 4 3 1) ' 18 55 4 i g N7 450 3D 1) 1k R 50 A ) S o L T
PL SGS T4k £ (¥ B4 8 RO B U, i SGS oA dw A Tl Ak
BLily 78
2.3 HHAER K BEER
2.3.1 /A CARS #f it # 42 ok ¥
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AT

Al %

KM CARS $2 BURFAE 4 15 B 5245 I R BE KRR
50, R 7 P AR . Bl RAE VB, B 4Ca)
RIS RORI TEIB AT UCH L~ 5 U, A8t 1 P8 > Hopth 2 sk
TR X RDRL e R S A e A A B R A 4
(b) g 38 H 50 IE 24 7 M5 22 19 A8 Al 5 L 72 I8 AT B 1~
36, SCH YEYY 7R 92 S0 U Sh R AR Bl S 2 W TR . A
4Co) [l R F 2R P B o R T AL B E R 2 I e IR
R TESRFERECH 36 YT, I5 B/ ME 2. 206, oI AR 4t G
YRR 14 A4S, 4RIk 720, 725, 823, 834, 925, 1 162,
1230, 1278, 1 441, 1 473, 1 867, 1 981, 2 484 1 2 554

nm,

®2 FRFAEFNXAR PLS FN S L 8
Table 2 Comparison of PLS prediction models

with different pretreatment methods

o EHE T IE 4 Lihgie
VIS D — S
Vi RE RMSEC RY% RMSEV
RAW 11 0.8481 2.2534 0.8085 2.1809
SNV 9  0.7103 2.5097 0.6546 3.20709
MSC 12 0.7755 2.2938 0.6966 3.296 2
Normalization 10  0.8393 2.3177 0.7985 2.237 3
Centering 9 0.8406 2.3086 0.8148 2.144 8
Autoscaling 8 0.7051 2.5152 0.6940 3.290 2
MAS 12 0.8399 2.3137 0.8146 2.1460
SGS 11 0.8502 2.2115 0.8246 2.1058
8
%5 82000
5 § (a)
£ 5 1000
8 9
280 . B —
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| ®
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‘rs
§ 220004 (c)
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B4 EF CARS TSk

Fig. 4 Characteristic wavelength selection process using CARS
2.3.2 @A IUVE ff #4420k ¥

1247 TUVE 8L THE 1 921 OB T I 1< A 45 i B pL G A
MR ETE, B{E BN £ 1176, 5 8 i 98 Y fay AR i kAT
U [T U1 3 A7 LA 508 5 4 S W 1 0F 2 8 ke B 0. 2. AR
6 0 JU 225 SOk 100 . 0 [0 09 73 7 1) 45 SR 181 5 s, T
VLF Hh 4% Il 05 R B0 08 Al THAE B = 0. 2 B B AR TR E . M4 [
R HEBE £ (R AR a f iR E 2w, IUVE 5K
HEH) UVE M se 25 R Kl 6 Fros ., #5600 il 260 R el
#B’J UVE (53 i i % A2 in e P 2 %’JI&J{EB’J(K‘&

EH 703 A4, (FBBEKE 36.60% , WA RL AL

H AT TUVE 3 i K88 10 144 DA RUE R, 5 B
¥ HEAE R 7. 5000, RGeS (9 UVE 5 &0 T BR 75 3%
KAz B A Lk ik .

Standardized coefficient
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Ridge parameter
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Fig. 5 Ridge trace of ridge regression analysis
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Fig. 6 Characteristic wavelength selection using IUVE
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2.3.3 R A SPA 7 &4 AE 0k K

AR A1~ 28 WYE B Lk B 1<, SPA B L
RMSE B /7N R4 45 B 22 4 AE D 4 B0 . Wil 25 R AE Dl K B0 i
kg, RMSE (28 i B2 an &l 7 frs o Mk K fcht el 11
JnE 7w, RMSE M TR, R ERK BRI GTER
TVB-N X EERE R A ., G KEEH 7 M8 mE 15
A-B) RMSE 2§20 F R, Ko A s 848w, b
WK B 15 DYk in, RMSE 4k 2218 T Re. [ LA
15 MFAE MR AE i AR IEAS 2. [/ 8 15 MHRAE K K
TEA T AL B 4 i 4 B A 680, 798, 1 067, 1 266,
1497, 1498, 1 901, 1 920, 1 936, 2 009, 2 263, 2 386,
2391, 2 575 Hl 2 583 nm,
2.4 RIS
2.4.1 PLSR #&#®

4% CARS, UVE J SPA 745 & 45 5. M PLS
FriE o VS AN TVB-N SO A T, 3% 3 hy 45 450 70 130 0 25
A, 3% 3 A, CARS-PLS 811 dE e L T 4ok PLS #E
A, AL IE 4R RE fR 0.840 2 | FF £ 0.890 0, B iE £ RY M
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45 0.78% , ¥ KR A% . TUVE-PLS A I T s 3 BT 9 UVE-
PLS PERE WS A 42 T, [ B 57 8 1 9 K AN B0k — 2B BR AL, AR 4R
+0 PN E BTSSR T R 450 27 kb UVE 26 5% 119
15 FRAE P Bkt 1835 2 T SPA HI CARS. A5 5 H— 8. &
= T UVE Jri&id & FRBERE K. W, & 0% Jr ik o
2 30 YK 0 HECHOR th %5 AR IR CARS. UVE il SPA.L 4
)s PR 5HMAF, £ T CARS J5 ik 0] 7 w5 b H2 o A6 78 751 0 kS
B
2.0
#3 FEBEKRRAERN PLS Fil#& 2 b &
L5 0 5 1'0 1'5 2'0 2'5 3'0 Table 3 Comparison of PLS models with different
Number of variables wavelength selection methods
B 7 ETFSPAMBEKABIERE FEAE I R FR W4 I iiF 4
Fig. 7 Wavelength selection based on SPA 2T ROk i Rt RMSEC RY RMSEV
Full spectrum 1 921 9 0.840 2 2.3115 0.8146 2.145 8
07 First calibration object CARS 14 9 0.8900 1.9178 0.8736 1.7716
sl Selected variables UVE 703 9 0.8344 2.3530 0.8167 2.1335
IUVE 144 9 0.8448 2.278 0 0.8237 2.092 3
207 SPA 15 10 0.8261 2.4114 0.7984 2.237 7
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Fig. 8 Characteristic wavelength selection based on SPA
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Fig. 9 Prediction results of TVB-N concentration
in mutton by CARS-PLS model

0.814 6 FF+5]0. 873 6,18 9 iy CARS-PLS B X% £ 4 TVB-
N Ve B2 0 T 25 S . A B F 4 6% PLS BB MR, TUVE-
PLS } UVE-PLS BRI Pk 5 Z #23E » SPA-PLS B R 1 44
A8 bk s G, (R A BT R Y UK AR RO S Aok

2.4.2 SVM ##

PLA 3 A 3 i A [] 38 A 0 358 7 125 K A5 19 R AE i 1 At ST
SVM T0 I A AL, #4245 SR 0L 3% 4. Xk 4. d
CARS ik iy 14 A8 w4 A SVM BRI BUS T 2 47 A A% 1E 4
T 25 5, R: F1 RMSEC 43 %24 0.939 1 #1 1.426 7, [& 10
7 CARS-SVM RIS 5 A TVB-N ¥ B2 19 00 45 258 . 7E I
BT LE R, 2K SVM B BCE T & & RY
0.826 1, UM AR RMSEV 3 2.078 2, #f Lt F PLS 1 Il
R, SVM AT i S0 AR ¥ 6 B B

30
—©— Measured value
Q 8 —8— Predicted value of calibration
254 P—=5- Predicted value of validation
20 A

TVB-N value
o
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B 10 CARS-SVM #E xf ¥ TVB-N iR B B Bl 45 R
Fig. 10 Prediction results of TVB-N concentration
in mutton by CARS-SVM model

2.4.3 LS-SVM 47

) FH A2 8 O 2 45 2 0 R AE B 7 LS-SVM JE £& 1 il
TBLR, B s Rk 5 i, 4k 5 n] Al CARS-LS-
SVM %t R 3y 0.923 5. RMSEC g 1. 599 0. % H fs #
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S 4 BT

CEENE o

Rl . TUVE-LS-SVM R 1) R FI RMSEV #5 b 6 7
Bk, 4350k 0.856 8 fil 1.886 2, & 11 3§ CARS-LS-SVM
MRS £ ) TVB-N MR B9 T 25 52 . X L4y dr e 5 sk 4
AL, 5 SVM BRI L, LS-SVM H5 51 %) T 4% 1F 2 4 A< iy
T RE ARG, X B 45 UE SRR AR Y RY BE . RMSEV 3
% . 7 Thomas''* il Balabin'"* 25 i B 77 45 S b SVM 5 LS-
SVM RIS IE S5 IMIECR A AR . S a ARG R, £

F4 AREFEKEBIAZER SVM Tl # 8 bk 3
Table 4 Comparison of SVM models with different

wavelength selection methods

AT 3 I 23 5% BES LIRS
Ik © (€2) R RMSEC R% RMSEV

Full spectrum  16.0000  0.003 9 0.926 8 1.5650 0.826 1 2.078 2
CARS 48.5029  1.0000 0.9391 1.426 7 0.801 6 2.2197
UVE 9.189 6 0.006 8 0.9005 1.8242 0.8233 2.0952
IUVE 1.7411 0.0118 0.9161 1.6749 0.8241 2.090 1
SPA 256.0000 0.1895 0.8813 1.9921 0.7919 2.2737

Bl —©— Measured value
< —&— Predicted value of calibration
f 1 o & Predicted value of validation
251,
20 1

=

TVB-N value
s

—
S
L

W
L

Sample number

Y Tk A o 7 3 ) FR AR I R T R S RO AR AR

F5 AEEKRINAEM LS-SVM il 4% 2 bk &
Table 5 Comparison of LS-SVM models with different

wavelength selection methods

FRAE U K ZH 214 RIE4E G E 4
i GIRIN (62) (%) R% RMSEC R% RMSEV

Full spectrum  93.497 6 3 641.328 0.9145 1.690 7 0.844 7 1.964 3

CARS 12,0313 5.6276 0.9235 1.599 0 0.850 1 1.929 4
UVE 26.1850 1118.810 0.9013 1.8170 0.8551 1.896 9
IUVE 94.2397 1.716.1 0.9112 1.7234 0.856 8 1.886 2
SPA 131.846 9 20.7515 0.879 3 2.008 8 0.824 3 2.089 2
:|: N
3 én T/E

FIHIIE 2L A0 G35 % 6 ) TVB-N ik B2 R 47 #0032 22 4%
WT

(1 PL MCS 7 F1 MD vE 5B T 5 W #5635 808 1 5 4~ 5
WAH, H 2 Mok R E S EMAEERS.

VLR IGE1EF 6 Fp AS [6] 7 ik WAL S Ay ik i o7 T
PLS T ALAY . SGS b 38 1Y i3 £ 4 A0 R e by, Vi b 31
RUBE 45 B T A RO R U O A E ik

() FH CARS, UVE, IUVE, SPA ## I iF 3¢ 1% 15 5]
HI PR A B B 14, 703, 144, 15, (540635 1921 MK
1) 0.73%, 36.60%, 7.50% . 0.78% . XF H 4 %1% F1 45 7 ik
PREIBUOY R AE A T EE ST (Y TR A A . CARS 2 B0 I 4 3
AR M R B A . % Ee UVE %, TUVE A i Mk ik K 1] ) 36 2%
PEFI R = LT RE

(4 %ot 482 BUAY 4 A0E Dl [ JE ST T BB A 8 2R ) TVB-N
9 PLS, SVM 1 LS-SVM Fi il #85 Y, J5e 4 19 4% 1F 4 T80 000 25

B 11 CARSLSSVMBRAMEA IVENREMTMMER sy SVM BRI . Bl 105 4 BN AR B LS-SVM B
Fig. 11 Prediction results of TVB-N concentration TENA ], 3 7 v ) A Ak TR 5 R TR 5 R R T A R A 5 )
in mutton by CARS-LS-SVM model HH%

References

[1] LiY. Tang X. Shen Z. et al. Food Chemistry, 2019, 287 126.

[ 2] JIANG Pei-hong, ZHANG Yu-hua, CHEN Dong-jic, et al(Z{fi%, K EH ., BRAA . %). Food Science (I fhFBH4) . 2016, 37(6): 161.

[ 3] BAI Jing, LI Jia-peng, ZOU Hao, et al(f4 5{, ZEZKM, 48 2, %). Food Science(f i #}), 2019, 40(2): 287.

[ 4] PENG Yan-kun, YANG Qing-hua, WANG Wen-xiu(# Z [, #i%%¥, £3XF). Transactions of the Chinese Society for Agricultural Ma-
chinery ML HLZ4 4D » 2018, 49(3): 347,

[ 5] WANG Hui, TIAN Han-you, ZHANG Shun-liang, et al(E ¥, HZE,, KI5, ). Food Science (& & BF2£) . 2016, 37(20) : 134.

[ 6] Dixit Y, Casado-Gavalda M P, Cama-Moncunill R, et al. Journal of Near Infrared Spectroscopy, 2016, 24(4): 353.

[ 7] PENG Yan-kun, YANG Qing-hua, WANG Wen-xiu(Z E R, #§# . £3F). Transactions of the Chinese Society for Agricultural Ma-
chinery CRLHLBE -0 » 2018, 49€03) : 347,

[8] WANG Wen-xiu, PENG Yan-kun, SUN Hong-wei, et al(EX 5, ER ., #h% i, %). Transactions of the Chinese Society of Agricul-

tural Engineering (4l T.F2244%) , 2016, 32(23): 290.



511 il 2 563 i 3383

[9] LiZ, Wang J. Xiong Y. et al. Vibrational Spectroscopy, 2016, 84 24.

[10] ZHANG Man, LIU Xu-hua, HE Xiong-kui, et al(5k &, XIJU%, flfiZE, %), Spectroscopy and Spectral Analysis OG22 503 5
). 2010, 30(5): 1214.

[11] SUN Tong, JIANG Shui-quan(F) 3. JT.7KIR). Food & Machinery (£ ik 5HLIK) , 2016, 32(3): 69.

[12] Thomas S, Pillai G N, Pal K. Geomatics Natural Hazards & Risk, 2017, 8(2); 177.

[13] Balabin R M, Lomakina E I. Analyst, 2011, 136(8): 1703.
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Abstract In order to improve the stability and accuracy of near-infrared spectroscopy (NIR) detection of total volatile basic
nitrogen (TVB-N) in {fresh mutton during storage (at 4 ‘C, 8 °C, 20 C), the selection of characteristic spectra and prediction
models is the key step of NIR spectroscopy research. The 121 mutton samples were taken as experimental objects, the NIR
spectra between 680 and 2 600 nm of fresh mutton samples were collected. The scattering correction methods, including multi
scattering correction ( MSC), standard normal transformation (SNV), and smoothing methods including Savitzky Golay
convolution smoothing (SGS), moving average smoothing (MAS), and scaling methods including normalization, centring and
auto scaling, were adopted to pretreat NIR spectra, and then PLS prediction models were built, by comparison, it is found that
the spectra treated with SGS got the best modeling effect. Monte Carlo sampling (MCS) method and Mahalanobis distance
method (MD) were used to eliminate 5 abnormal data of mutton spectra. The sample-set partitioning based on joint -y distance
(SPXY) algorithm was used to split 75% (87 samples) of the total samples as calibration set samples and the remaining 29 were
validation set samples. The competitive adaptive reweighted sampling (CARS) algorithm, uninformative variable elimination
(UVE) algorithm, improved uninformative variable elimination (IUVE) algorithm, successive projections algorithm (SPA)
were employed to select characteristic wavelengths, and wavelength numbers were 14, 703, 144 and 15, respectively. The full
spectra and the characteristic wavelengths selected by the four methods were taken as input variables to build prediction models,
the results show that the performance of the model built with the wavelengths selected by CARS is better than the model built
with the wavelengths selected by UVE, ITUVE and SPA, and it shows that CARS method can effectively simplify the input
variables and improve the performance of the prediction model. Compared with the UVE algorithm, the IUVE algorithm can
select fewer wavelengths and improve the model’s performance. The PLS models, support vector machine (SVM) models and
least squares support vector machine (LS-SVM) models were established with the selected characteristic wavelengths. The
optimal prediction results of the calibration set are obtained by SVM models, in which the calibration determination coefficient
(R%) and root mean square error of calibration (RMSEC) of the CARS-SVM prediction model were 0.939 1 and 1.426 7,
respectively. LS-SVM prediction model achieves the optimal prediction results of validation set, and the validation determination
coefficient (R%) and the root mean square error of validation (RMSEV) of IUVE-LS-SVM prediction model were 0. 856 8 and
1. 886 2, respectively. The simplified and optimized TVB-N prediction models for fresh mutton during the storage period are
established based on NIR characteristic spectra, which provides reference and technical support for rapid and non-destructive

detection of TVB-N concentration in fresh mutton.





