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Detection Method of Oil Content of Camellia oleifera Seed
Based on Hyperspectral Imaging

ZHOU Hongping HU Yilei JIANG Hongzhe XU Linyun WANG Ying
(College of Mechanical and Electronic Engineering, Nanjing Forestry University, Nanjing 210037, China)

Abstract; In order to quickly and accurately detect the oil content of Camellia oleifera seed and solve the
time-consuming and laborious problems of traditional detection methods, a method for detecting the oil
content of Camellia oleifera seed based on hyperspectral imagery ( HSI) was proposed. Two sets of
hyperspectral imaging systems, spectral set [ (400 ~1000 nm) and spectral set I (900 ~1700 nm) ,
were used to collect diffuse reflectance hyperspectral images of Camellia oleifera seed, and the regression
prediction model of oil content of Camellia oleifera seed was established in combination with
chemometrics. The results showed that the partial least squares regression model ( PLSR) established by
the two sets of spectral data without pretreatment had the highest accuracy: the determination coefficient
of prediction (Ri) of the spectral set | was 0. 681, and the root mean square error of prediction set
(RMSEP) was 2.89% ; R[Z) of spectral set I was 0.740, and RMSEP was 2.92% . Comparing seven
different variable selection methods, it was found that the two sets of spectral sets used genetic algorithm
(GA) to filter the characteristic wavelength to establish the PLSR model with the highest accuracy; the
spectral set I had Ri of 0. 694 and RMSEP of 2. 82% ; the spectral set II had R/Z) of 0. 779 and RMSEP
of 2.54% . Comparing the modeling effects of spectral set [ and spectral set Il , it was found that the
performance of the PLSR model established by spectral set [I was better than that of the spectral set [ ,
so the band of 900 ~ 1 700 nm was more suitable for the oil content detection of Camellia oleifera seed
than the band of 400 ~1 000 nm. Besides, the feasibility of using HSI to visualize the distribution of the
predicted value of the oil content of Camellia oleifera seed was further verified. This result can provide a
method for the rapid detection of the oil content distribution of Camellia oleifera seed and the selection of
high-quality its varieties.
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Fig. 1 Original reflection spectrum curves of
Camellia oleifera seed
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283 5000 WS R B RS, 5 R AR A 0
B 22 B B (A0 o i 22 , 5 B A B o 1) 25 AR o
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Tab.1 Oil content of 102 Camellia oleifera seeds
y ERlEYL
B - o — i
F/ME BRE - {E T v 22
e IF 68 19.17 45.12 33.04 5.85
SURIES 34 20. 33 43.13 33.11 5.12
BFREAR 102 19.17 45.12 33.07 5.59
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Tab.2 PLSR model predicted results of spectrum set I

AL HE AR RMSEC/ RMSEP/ RMSECV/
ik EH ‘ % ! % %
R 9 0. 683 3.27 0. 681 2.89 4.41
MSC 10 0.715 3.10 0. 560 3.51 4.48
SNV 9 0.716 3. 10 0.529 3. 64 4.13
SG 12 0.730 3.02 0.567 3.52 4.56
Normalize 11 0. 760 2.85 0.573 3.53 4.40
Detrend 10 0. 754 2. 88 0. 650 3.09 4.04

#3 RIELETPLSR HEFMER
Tab.3 PLSR model predicted results of spectrum set I

kb B VAR RMSEC/ RMSEP/ RMSECV/
Fik S B % ! % %
JG 8 0.813 2.44 0.740  2.92 3.24
MSC 8 0.778 2.66  0.718  2.95 3.38
SNV 9 0.798  2.54  0.694  3.03 3.22
SG 9 0.721  2.99  0.691  3.04 3.95
Normalize 10 0.814  2.44  0.645  3.38 3.24
Detrend 9 0.751  2.83  0.599  3.58 3.64
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Fig.2 Distributions of characteristic wavelengths
selected by different methods
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RMSEP J} & T 33.564% , GA — PLSR 4 I ¥4 fig &%
I, & 3a R : R’ =0.734, RMSEC % 3.00% ,
R’ =0.694 ,RMSEP 4 2.82% ,RMSECV 4 3.63% .

52630 PLSR BLAIAR L , 28 GA FE4E )5 ) PLSR
B RS T E T 1.873% , RMSEP [ ik T
2.422% . iRF — PLSR % 4 i) 1 1E 4 45 2R & 4r i
U 4R 45 R 45 2%, CARS — PLSR AU 45 L 5 40
T AR Y

R4 S [ HHEKK PLSR RBIF 4R

Tab.4 PLSR model predicted results based on characteristic wavelengths of spectrum set I

2

Ko 2k J7 ¥ e B B R R RMSEC/ % R RMSEP/% RMSECV/%
SPA 8 7 0.679 3.28 0.553 3.48 3.80
CARS 13 7 0.721 3.07 0. 673 2.95 3.62
PSO 16 9 0.570 3.81 0. 435 3.86 4.92
ACO 18 9 0. 600 3.67 0.535 3.45 4.91
SA 19 12 0.564 3.84 0. 462 3.82 5.43
iRF 10 7 0. 687 3.25 0. 466 4.06 3.90
GA 14 11 0.734 3.00 0. 694 2.82 3.63
F5 HiGE N4FMERK PLSR &RE TN LR
Tab.5 PLSR model predicted results based on characteristic wavelengths of spectrum set II
e 24k W BB AE BB R? RMSEC/ % R RMSEP/% RMSECV/%
SPA 11 8 0.831 2.32 0.741 2.79 2.81
CARS 16 7 0.813 2.44 0.779 2.68 2.99
PSO 18 10 0.771 2.71 0.582 3.90 3.76
ACO 18 6 0.568 3.71 0.442 4.16 4.59
SA 26 9 0. 785 2.62 0. 705 3.05 3.50
iRF 10 8 0.713 3.03 0. 647 3.62 4.17
GA 28 8 0. 852 2.18 0.779 2.54 2.63

| RMSEP#42.82%

92.54%

K13 GA — PLSR 5 2 i i 2%
Fig.3 GA — PLSR model predicted results
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PLSR # % ¥ fig & 4, 40 &l 3b fif /R : R? = 0. 852,
RMSEC % 2. 18% , R> = 0.779, RMSEP Jy 2.54% ,
RMSECV ) 2.63% . 545G %) PLSR £ AU AH L,
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Fig.4  Visualizations of oil content distribution of Camellia oleifera seed
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