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Abstract: To seledt characteristic NIR wavelengths for rapid and nondestructive detection of rapeseed oil content, a miniature
near-infrared (NIR) spectrometer was used in combination with methods including competitive adaptive reweighted sampling (CARS), genetic
algorithm (GA), successive projections algorithm (SPA), uninformative variable elimination (UVE), backward interval partial least squares
(BIPLS), and synergy interval partial least squares (SIPLS). Subsequently, partial least squares regression (PLSR) and least squares-supported
vector machine (LS-SVM) regression model were established and the parameters of LS-SVM model were optimized. The results showed that
for PLSR model, 26 characteristic wavelengths selected by BIPLS + GA produced the optimum model, where the correlation coefficient (Ry)
and root mean square error of prediction (RMSEP) for prediction sets were 0.9330 and 0.0075, respectively. For LSS-VM model, 13
characteristic wavelengths selected by SIPLS+GA produced the optimum model and the correlation coefficient (R;) and root mean square error
of prediction (RMSEP) for prediction sets were 0.9192 and 0.0055, respectively. The above results demonstrate that parameter optimization and
wavelength selection can not only effectively simplify the quantitative analysis model for rapeseed oil content based on miniature NIR
spectrometry, but also enhance prediction accuracy and prediction stability. These data provide useful technical references for further
applications of miniature NIR spectrometry.
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Table 10il contentin 120 samples
Dataset Samples  Min Max  Mean S.D.

Calibration 85 0.3800 0.4831 0.4301 0.4301
Prediction 37 0.3931 0.4496 0.4496 0.4206

1.4 MR B2 FAT

FIH Matlab7.8.0(Mathworks, USA) FIVL 75 K 3T
21 4h TAE = NIRSAHHE AL BE R 4t \erd. 3.1 eI 4T 4t
TCIB TR EE, AL B AN RS E . 5
5 33 3 ) e [Al)T(Partial least squares regression,
PLSR) il ¢ /)y — 3¢ 37 £F[7) & Hl(Least square support
vector machine, LS-SVM) & &0 HTis A, EEUREIEAH
5% Z ¥ (Correlation coefficient of calibration, Ry, il
#H2K Z%U(Correlation coefficient of prediction, Ry), 1%
1EH#75 MR 1% Z(Root mean square error of calibration,
RMSEC), Tll#4 /5 Hidi% 2 (Root mean square error of
prediction, RMSEP) {E B I EANFR #E, —AMUFHE
T RAZAT B ) R M Ry, BAIC ) RMSEC 1 EMSEP.
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Table 2 Result of calibration and prediction for the models
established using different pre treatment methods

BN ATIALEE . 6 RAER] K] 960 nm £ 1650 nm i Mehod Calibration Prediction

FEL A AT 5 RiR8 3P UL (Moving average Re  RMSEC Ry RMSEP
filter, MAF) . 5 f56 #°F-3# (Savitzky golay filter, SGF) . Raw 0.9737 0.0040  0.9150 0.0086
% JCHU R IE(Multiplicative scatter correction, MSC). MAF 0.9563 00052  0.9121 0.0084
JH—4k(Normalization) . H(»k (Autoscaling) . #mifE 1E PLSR SGF 0.9626 0.0048  0.9043 0.0089
#78 #y(Standard normal variable transformation, SNV)+ Fosfe 09737 00040 - 0.9150 0.0086

)2 —1k 0.9706 0.0044 0.8874 0.0080
AVEBYE S 09672 0.0045 0.9169 0.0084

Feath INRERE 2 SR AN, SRS BT 48RS PLSR
F LS-SVM AR, Ak SRR U () TA B v 3R 2,

bl %5 J5 T 72 PLSR Il LS-SVM A (1) fef: St Fideh 3 Raw 0.9654 0.0051  0.6946 0.0092
TS I A N R A 22 AT SNVA+ e 34, MAF 0.9680 0.0049  0.7156 0.0090

SGF 0.9784 0.0040 0.7411 0.0087
MSC 0.9965 0.0016 0.7094 0.0098

SNV+EA% 09496 0.0061  0.8452 0.0074
Ja—4t 09763 0.0043  0.7727 0.0083

LS-SVM

2.2 T PLSR Z M8y S-AE 3% K ik

PLSR AEfS{E H AL B A77E ™5 2 HAH PRI A
RS T AR NS N T R, ERANE
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Table 3 Result of calibration and prediction for the PLS R mockl established using different variable selection methods

Methad No. of No. N ds Calibration Prediction
variables R.  RMSEC R, RMSEP
None 125 15 0.9672  0.0040 0.9168  0.0084
CARS 20 15 0.9538  0.0054 0.9243  0.0077
GA 27 10 0.9402  0.0057 0.9226  0.0083
SPA 14 14 0.9396  0.0061 0.9263  0.0083
BIPLS 51 10 0.9433  0.0059 0.9324  0.0075
SIPLS 41 10 09396  0.0061 0.9247  0.0067
BIPLS+GA 26 9 0.9418  0.0060 0.9330  0.0075
SIPLS+GA 27 9 0.9419  0.0060 09215 0.0075

X T PLSR & &4 TALN 5, Rk
TIEFE B EAMEE E N EINAGE (Competitive
adaptive reweighted sampling, CARS) . i# 1% & %
(Genetic algorithms, GA) . EE:FRFIL (Successive
projections algorithm, SPA). [1] Ji5 [X. 7] {iw £ /) — 7fe
(Back interval PLS, BIPLS) . k& X [l ffi 5/ — ¢
(Synergy interval PLS, SIPLS). [al)s X [al it /> — 3fe
(BIPLS) +3& % 1% (GA) « Bk & [X 1] i 5% /)N — 3¢
(SIPLS)+I# fEHIL(GA) % . KA Bk LMK ftik 77
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Table 4 Result of calibration and prediction for LS-SVM mocel establishedusing different variable selection methods

900 1000 1100 1200 300 1400 1500 1600

0 50 100 150 200 250 300

No. of Calibration Prediction
M ethod s Y
variables R¢ RM SEC Rp RM SEP
None 125 1.2247x10°  7.4948x10*  0.9496 = 0.0061 0.8452  0.0074
CARS 24 5.4611x10* 3.3806x10°  0.9663 0.0050 0.8762  0.0069
UVE 38 2.5073x10* 1.7009x10° 0.9330 0.0068 0.9046  0.0063
BIPLS 82 3.2622x10* 1.9872x10°  0.9570 0.0055 0.8406  0.0083
SIPLS 41 1.0231x10° 2.6193x10* 0.9599 0.0052 0.8712 0.0076
BIPLS+CARS 22 2.8706x10* 9.8456x10° 0.9429 0.0062 0.8858  0.0073
SIPLS+GA 13 7.7814x10>  2.2888x10* ~ 0.9229  0.0072 0.9175  0.0056
_ Selected intervals [S 7 8 12]
£ 020} ig:
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Table 5 Result of calibration and prediction for LS -SVM mocel establishedusing different parameter optimization methods

No. of ) Calibration Prediction
Method variables Y ° R RMSEC R,  RMSEP
UVE+LSSVM + 4% 38 2.5073x10* 1.7009x10° 0.9330  0.0068 0.9046  0.0063
UVE+LSSVM +PSO 38 3.5947x10*  3.8044x10°  0.9399  0.0027 0.9134  0.0060
UVE+LSSVM +FA 38 1.0576x10° 5.9652x10° 0.9434  0.0062 0.9142  0.0060
UVE+LSSVM+CS 38 4.4736x10*  3.2628x10° 0.9439  0.0062 0.9147  0.0060
BIPLS+CARS+LSSVM+ 4% 22 2.8706x10"  9.8456x10° 0.9429  0.0062 0.8858  0.0073
BIPLS+CARS+LSSVM+PSO 22 3.7541x10°  6.7735x10° 0.9490  0.0024 0.8849  0.0074
BIPLS+CARS+LSSVM+FA 22 3.6873x10° 1.2076x10* 0.9432  0.0062 0.8865  0.0073
BIPLS+CARS+LSSVM+CS 22 3.0820x10°  9.2409x10° 0.9443  0.0061 0.8866  0.0073
SIPLS+GA+LSSVM+ M4k 13 7.7814x10°  2.2888x10* 0.9229  0.0072 0.9175  0.0056
SIPLS+GA+LSSVM+PSO 13 7.9196x10° 1.9952x10° 0.9361  0.0069 0.9192  0.0055
SIPLS+GA+LSSVM+FA 13 1.4101x10° 1.5913x10° 0.9317  0.0071 0.9177  0.0055
SIPLS+GA+LSSVM+CS 13 5.0126x10°  1.0000x10° 0.9311  0.0071 0.9187  0.0055
L7 x10° e BRI b SRS RIS 7 AR 2 i o
L] EREL (BHCI=2, 2=2. maxgen=200, y=T919.6 §<199.52) R e 0, 5@ S B /N T AT AR 2T kR 5
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0.8 v L .
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0.9046 #2i F| 0.9147, FJ7 # %% (RMSEP) A
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Evolutional Generation
9 PSO fRLILIZFI2IERL R ZE
Fig.9 Fitness curve of PSO optimization
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% ZZ(RMSEP) M 0.0056 [4 # 0.0055; £ BIPLS+CARS
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