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Abstract When using near-infrared spectroscopy for detection, the spectral band contains significant noise and
scattering, which affect the stability of the model. Based on the competitive adaptive reweighting (CARS) and mutual
information (MI) algorithms, a partial least-squares (PLS) regression model was established to detect the soluble solid
content (SSC) in apples. The diffuse reflectance spectrum data of 120 samples at 8002400 nm were obtained using a
spectrometer. After preprocessing, 96 samples were randomly selected as the calibration set for modeling, and 24 samples
were selected as the prediction set for prediction using the Kennard-Stone (KS) algorithm. Next, the full-band PLS model,
CARS-PLS model, and MI-PLS model were established for comparative analysis. The results show that the coefficient of
determination R* of the PLS model is 0. 8511, the root-mean-square error of calibration (RMSEC) of the model and the
root-mean-square error of prediction (RMSEP) are 0.9413 and 1.1915, respectively. The number of characteristic
wavelength point variables screened by the CARS algorithm reduces from 303 to 12, a decrease of 96.03%. The
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coefficient of determination R” of the PLS model is 0. 8746, an increase of 2. 76%. The RMSEC and RMSEP values are
0.864 and 0.9757, respectively. The MI-PLS model contains 56 characteristic wavelength points, and the selected
wavelength accounts for 18.49% of the total wavelength. R*, RMSEC, and RMSEP are 0. 9218, 0.6822, and 0. 8235,
respectively. Compared with CARS-PLS, the number of characteristic wavelengths of MI-PLS increases by 64.55%,

and the coefficient of determination R* increases by 0.0472. Therefore, the CARS and MI algorithms can overcome the

problems of noise and scattering of spectral data and can be effectively used for screening characteristic bands. The

established model is suitable for determining the SSC in apples.
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original signal

(=]
w

Reflectance /%
(3%
(=]

o

_5 i L i L i i
800 1000 1200 1400 1600 1800 2000 2200 2400
Wavelength /nm

K2 120 ABEAS B I I Ot 3 1
Fig. 2 Original spectra of 120 samples

Pl 2 i) 120 2% D4R ' 15 B0 72 A8 ks e 1 KB
AR Jmy &8 b X 25 A A ) 25 08 . B ARG A
303 ik K A . 7E 1000~1200 nm ., 1400~1500 nm £
1900~2000 nm &b 47 538 19 G35 RSP R, HFE AR Z
] 1 A8 P S B L X A A S B £ . A
BF, R TS AR e 2 e s, T AL S 2315 21 5 48 (9 3L
R KRN TR T R [ 1AL B 5 vk 1 3
A 0 T 0 A A R A A AN TR) ) T AL B 1 A g
HRAS AR, P4 A X BRI R O 1 AL
BIWFTE A SCHE LA /NI 26 W I 0l 7 75 5 S I I 7S, FE
I 22 o0 WSS I (MSC) #E 47 AL B . 358 B 4 4B
A AL BRZE BN 3 T
2.3 (ERHMSSCHEZLHE

SER B SSC B H i 3 34 2 F] (Atago Co. , H
A AT AT AR B, B FE A R IO 2050
B Ja T b I DX D) B — Bl SR R AL, A
T IF b 08 5 T OCAL R I b 38 i O A
IFid S SSC A -

ongmal signal

% 10 .

-] 1000 1200 1400 lﬁtltl 1800 2000 2200
Wavelength /nm

= wavelet denoising

Jolas L

E 800 1000 1200 1400 1600 1800 2000 2200
Wavelength /nm

-3 MSC processing

@

2 A

£ 20 )

%10 At

o2 1000 1200 1400 16{)0 1800 2000 2200

Wavelength /nm

3 JRAE 6T 5 T BB TE X

Fig. 3 Comparison of original and preprocessed spectra
3 AT
3.1 BEEEEXS

A A I X B AR AT R A3,k R AT e T
Kennard-Stone 8% , 7E 120 4~ FEAS 5 d i 5L 96 1
IR T4 1 24 DA IR FEAS R 1Y SSC et
GPRME IR . RJE N s Hs S 2R SSC Ry fe fH M
X I A O T 5 A A R I R AR v L R BN 4R 1Y
SSC B 8 A, DT 1 5t 4580 6432 AL RE ) <
3.2 fEZPLSH#EE

2530 S AT A B8 PLS B8 A N 3 B £ S (]
VAT pof 25 SR A S 5 o PLS [l A RS AL i 24 50

Y=aX+b, (1)

e Y RIS I R X SRR G SR H Y sa
O T HCHE B [0 U0 2% B w5 b Ay AR )l 22 (L 1)

AL PLS RV 58 H 23 &k A G AR Y
LG, IR R AR i (LVs) [ AN BOR G 2R I 32 U

1730003-3



F£ 6055 17H/2023 F£ 9 B/BAERBEFZHE

R BARED 120 AR SSC G
Table 1 Statistics of SSC of 120 samples in the data sets

Data set Number of samples Min /% Max /% Mean /% Standard deviation /%
Calibration set 96 8.78 14.62 11. 20 0.92
Prediction set 24 8.92 13.53 11.18 0.92

Overall 120 8.78 14.62 11.19 0.91
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