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W TN . B AR 5 B

x1 KREERKDESE

Table 1 Moisture content of soybean samples
BASE  HAR/A — N —
BRME  RAME FEME ARER2E
®IESE 72 11. 06 6.12 7.86 1.63
SRS 24 10. 69 6.13 7.99 1. 36
BREAR 96 11. 06 6.12 7.90 1. 58

2.2 FRRRiERETAE

P 1R R SR A T ST AR 4R 1 210 nm JFE WY 2 A
B AW A ALY T C—H ) B AE Bk 3l 1450
nm Zb B R P AT H O—HBE IR A 5K, 1 940 nm K
O—H R A AR . AR K 20 8 1 R A 350 o I dh il
AT EE R MBS, 78 938 nm ZH{ A 2 215 nm 2 )5 A6
R TC AR A R REAE R MR 938~2 215 nm
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Fig. 1 Reflectance curves of spectrum
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AR F WAL BT 3R R0 R — K HRIEE TR R
I UEAE 7 MR 15 22 RMSECV JF M BRI 46 AR . th 3R 2
AT RGNS B IR 7 Fpisi4b # PLSR K&K 40 &
AR h R 22 O % 9 4k B 9 0 A R A RMSECV {H K
0. 373, Normalize J7 kb #f5 , BIAIY RMSECV fHi /N,
0.353, H 5kMWiAEAH L R: B 0. 957 6 $2% %] 0. 960 7, {H
WA F 48 Detrending AbFH Y 0. 962 2, i B 48 1 Ab B f 455 A1
FooE PR 38 BB IE SR B 4. B Normalize Jy i &b B 5 85 2R
BT, Wik B Normalize 735X 5 B 5cdE E 174038,

*2 AEWMAERE PLSR EE
Table 2 PLSR model based on different pretreatment methods

. Pes ,&E% i 38 H B UEAE i
Rt RMSEC Rtv RMSECV
T 8 0. 957 6 0.278 0.926 6 0.373
Moving Average 8 0.956 7 0. 281 0.924 3 0. 379
S-G EHt 8 0.9573  0.279 0.9259  0.378
Baseline 8 0.958 7 0.275 0.9304  0.369
Normalize 8 0. 960 7 0.268 0.938 0 0. 353
SNV 9 0.9611 0.266 0.9211 0.388
MSC 7 0.949 4 0. 304 0.916 8 0. 384
Detrending 8 0.9622  0.263 0.9303  0.364
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Fig. 2 Selected characteristic wavelengths by SPA
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Fig. 3 Selection process of CARS variables

(a): Variation trend of the number of variables with the number of
samples; (b): RMSECV; (c): The change process of regression
coefficient of each variable with sampling times (The blue line repre-

sents the position with the lowest RMSECV)

2.3.3 RAZEHKBREZX(UVE)

UVE iR AE S K, MWL ik oy 13 B, PLSR #
R RMSECV fA iR/, 2 0.327, [ 4 v, &R A4 4 )
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UVE plot when 13-components are considered in the PLSR model
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RRAY o U4 24 5 AR iR 25 RMSEP {8 15 Jy 17 4/ 45 2 151900 5%
S48 bR . RMSEP {8 B AR 50 9] 3000 2% R 4. o, PCR
KL RMSEP #1 RMSECV (H#/% . #8]3F 938~2 215 nm
W BE G e 37 (% PCR A RS 79100 35k SR A AR e MRS 4.

SR T B v A R A B R 4 X SPA, CARS
I UVE =ZFp B L 68 ok 1y 14, 16 F1 29 ARk K 7
PLSR, PCR I SVMR f5, 413 3 fir ik, SPA 8% i vk 1
HHRE B g2 57 19 PLSR, PCR Hl SVMR K #I#; 938~2 215
nm P BOGE @ 7 5 =M, RMSEP {44 f k. i
CARS Fl UVE 53 % 45 A 1500 250 R 42 T 0 R B B 2 & 4 B

PR FI 5 R s AB A R RRAR T G 4E B . TR AR R
Ay Al R, SPA-PLSR fil SPA-PCR #% % RMSEP {H4 1%,
J90.262, BLA SPA Bk i 4 i R AF K A T AR 3K
I, XA REAR BT SPA LR A BRRAL L R LR 1

¥ Normalize J5 ¥ 5 SPA-PLSR #1 SPA-PCR #i Bl 454,
RIEETI ) RMSED {i B, 28 H Ak BE 5 A5 5 A 30000 5 2R
— 8T, BRI RA b3, RMSEP {EAHA] . {H Normalize-
SPA-PCR # B i) RMSECV {5 % 1%, i Bl Normalize-SPA-
PCR # B k. Normalize-SPA-PLSR ## Bl ¥ §4 % . % Normal-
ize-SPA-PCR 28 81 38 & H] T K WK 433 = Al AL 1500

R3 EFFARFABAERFMERKFET ZEIMRBHR

Table 3 Performance of models based on different pretreatment methods and characteristic wavelengths selecting methods

No i o e 4R ; PR AT S ; ERIES
RZ RMSEC Rty RMSECV Rp RMSEP

1 PLSR 216 0.957 6 0. 278 0.926 6 0.373 0.957 1 0.329
2 PCR 216 0.953 7 0. 291 0.930 0 0. 367 0.963 7 0. 303
3 SVMR 216 0. 955 6 0. 287 0.911 8 0. 402 0. 886 2 0. 537
4 SPA-PLSR 14 0.967 4 0. 244 0.933 7 0. 358 0.972 9 0.262
5 SPA-PCR 14 0.967 7 0. 243 0.934 1 0. 355 0.972 9 0.262
6 SPA-SVMR 14 0. 955 8 0. 287 0.927 0 0.367 0.906 1 0. 488
7 CARS-PLSR 16 0.982 9 0.177 0.968 8 0. 254 0.952 0 0. 349
8 CARS-PCR 16 0.982 5 0.179 0.964 4 0. 257 0.955 8 0. 335
9 CARS-SVMR 16 0.953 7 0. 294 0.931 5 0. 356 0.915 5 0.463
10 UVE-PLSR 29 0.964 7 0. 254 0.944 0 0. 350 0.953 8 0.299
11 UVE-PCR 29 0.967 3 0. 244 0.944 0 0. 326 0.958 5 0.324
12 UVE-SVMR 29 0.936 8 0. 340 0.903 8 0.420 0.915 5 0.463
13 Normalize-SPA-PLSR 14 0.974 3 0.217 0.948 3 0. 325 0.977 8 0.238
14 Normalize-SPA-PCR 14 0.974 6 0.215 0.948 9 0.313 0.977 8 0. 238

2.5 KEKSEEFARULSHT

A8 IR MO R o T A sk AR b T vk P PR R A K Gy
B I AR 0 AR 2R RT DA e R Y — R
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TR A e, #9501 K K4 & ] AL A .
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AT HES], Horp, () AT 2 T RK S R AIE, K
FR 10.40% s () B H 40 MK/ & R AL &, K45
FEN9.39%; () NEEE 701 WK FrE ALK, K5
N 7.13% 5 (D Rl 34 MK SRR, K Ar
N 6.46% . g5 ATAN, R[] RO SO R K 4 T
MACE B AT, 4 8BS B6 2R T8 F—EIS§EA
AR KEWEObA 225, FEa2EFE /N, MHmE 24 4~

KGR %
12

Bs KREKSSETHRLE
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Fig. 5 Visualization of soybean moisture content
(a); Huadou 2; (b): Kendou 40; (¢): Wandou 701; (d): Wandou 34
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Non-Destructive Detection and Visualization of Soybean Moisture Content
Using Hyperspectral Technique

JIN Cheng-gian'"*, GUO Zhen', ZHANG Jing', MA Cheng-ye' , TANG Xiao-han', ZHAO Nan', YIN Xiang'
1. School of Agricultural Engineering and Food Science, Shandong University of Technology, Zibo 255000, China
2. Nanjing Institute of Agricultural Mechanization, Ministry of Agriculture and Rural Affairs, Nanjing 210000, China

Abstract NIR Hyperspectral imaging technology was used to detect soybean moisture content rapidly and non-destructively and
realized the visualization of soybean moisture content. A total of 96 soybean samples of hyperspectral images in the region of
900~2 500 nm were acquired, and the moisture content of each soybean sample was measured by the direct drying method. The
average spectral information of the region of interest(ROID) of the image was extracted by HSI Analyzer software, representing
the sample’s spectral information. The SPXY algorithm was used to divide the sample calibration set and prediction set, and the
spectral data in the band range of 938 to 2 215 nm were retained. The spectral’s pretreatment was analyzed., such as Moving
Average, Smoothing S-G, Baseline, Normalize, Standard Normal Variate (SNV), Multiple Scattering Correction (MSC) and
Detrending., and the PLSR model established after Normalize pretreatment had the best effect. The characteristic wavelengths
were selected by successive projections algorithm (SPA), competitive adaptive reweighted sampling (CARS) and uninformative
variable elimination(UVE). 14,16 and 29 characteristic wavelengths were selected by SPA, CARS and UVE, accounting for
6.5%, 7.4% and 13.4% of the total wavelengths. The prediction models were established for the spectra and characteristic
wavelengths of 938~2 215 nm., and the model with better effect was combined with the Normalize method. Compared with the
14 prediction models established, it was found that the modeling and prediction effect of characteristic wavelengths selected by
the SPA algorithm was good, and the Normalize-SPA-PCR model was optimized. The values of R% and R} in the model were
higher, which were 0. 974 6 and 0. 977 8, respectively, while the values of RMSEP and RMSECV in the model were lower,
which were 0. 238 and 0. 313, respectively. The stability and predictability of the model were good, which could be used to
predict the soybean moisture content accurately. The Normalize-SPA-PCR model was used as a visual prediction model for
soybean moisture content, and the moisture content of each pixel in the hyperspectral image was calculated to obtain a gray
image. The gray image was transformed by pseudo-color transformation to obtain a visual color image of soybean moisture
content. The 24 soybean varieties in the prediction set were visualized. The color of the visualized image was different with
different moisture content, and the color of the visualized image was more evident with different moisture content. The results
showed that hyperspectral imaging combined with stoichiometry could accurately. rapidly. and non-destructive predict soybean
moisture content. They realized the visualization of soybean moisture content, which provided technical support for soybean

moisture content detection in the process of soybean harvest, storage and processing.
Keywords Hyperspectral imaging; Moisture content; Soybean; Non-destructive detection; Visualization
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