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Rapid Detection of Carotenoid Content in Wheat Grain Based

on Feature Selection by Near Infrared Spectoroscopy
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Abstract: The carotenoid content in wheat kernels serves as a crucial determinant of color appearance
and commercial value, representing an important indicator in wheat breeding. While conventional de-
tection methods Cultraviolet spectrophotometry, thin-layer chromatography, and high-performance
liquid chromatography) demonstrate accuracy, their operational costs and time requirements prove
prohibitive for large-scale applications. This study provided a rapid non-destructive prediction method
through the integration of near-infrared spectroscopy (NIRS) with chemometric techniques. We sys-
tematically evaluated: (1) three dataset partitioning methods hold-out method(HOM), K-fold cross-
validation(KFCV), time series split(TSS); (2) four spectral preprocessing techniques [ Savitzky-Go-

lay smoothing(SG), multiplicative scatter correction(MSC), standard normal variate transformation
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(SNV), trend correction (TC)], three feature selection methods were obtained by fusing variance
threshold feature selection(VTFS), SelectKBest(SKB), and recursive feature elimination(RFE) with
principal component analysis (PCA ), respectively. Subsequent modeling employed partial least
squares regression(PLSR), support vector machine regression(SVR), and gradient boosting regres-
sion(GBR) were used to build different prediction models. The results showed that HOM achieved
optimal dataset partitioning, SG preprocessing provided superior spectral enhancement, and PCA-
SKB feature fusion delivered maximum information retention. The optimized was PCA-SKB-GBR. In
the validation set and prediction set, R* were 0. 99 and 0. 89 with RMSE of 0. 04 and 0. 34 pg =+ g ',
respectively. The residual prediction deviation(RPD) reached 3. 01. Therefore, based on the hold-out
method of sample set, SG spectral pretreatment and PCA-SKB feature selection method, the PCA-
SKB-GBR model can be used to predict the carotenoid content of wheat grain quickly and efficiently.

Keywords: Wheat; Carotenoids; Near-infrared spectroscopy; Feature selection; Estimation model
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Fig. 1 Schematic diagram of DLP spectroscopic system
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Fig.2 Average near-infrared spectral curve
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Fig.3 SG pre-processing spectral curve
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Table 1 Comparison of model accuracy under different sample set partition methods

1% 1IE4E Validation set

T4 Prediction set

FEALERN 5305 HE
Sample set partitioning method Model R? RMSE/(pg » g~ R2 RMSE/(pg+ g™ ")

HOM PLSR 0.67 0. 60 0.53 0. 66
SVR 0. 65 0.59 0.62 0. 65

GBR 0. 90 0.31 0.50 0.73

KFCV PLSR 0. 47 0.76 0. 36 0. 80
SVR 0.58 0. 66 0. 26 0.78

GBR 0.95 0. 20 0. 31 0.74

TSS PLSR 0.58 0.56 0. 33 0.78

SVR 0. 64 0.68 0.28 0. 82

GBR 0.98 0.12 0. 36 0.77

®2 FREFAAETER PLSR NES
Table 2 PLSR prediction models with different pre-processing methods

1% 1IE4E Validation set

T 4E Prediction set

04k B 5
Pre-processing method R? RMSE/(pg » g=1) R? RMSE/(pg » g=1)
RSD 0.67 0. 60 0.53 0.66
SG 0. 66 0.56 0.59 0.72
MSC 0.54 0. 70 0. 20 0. 86
SNV 0.45 0.71 0. 45 0.71
TC 0.54 0.68 0. 44 0.78
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Table 3 Comparison of model accuracy under feature selection methods

1 1IE4E Validation set

T 4E Prediction set

Featume beleoton method  Mode 7 e : S ke
R? RMSE/(pg » g~ 1) R? RMSE/ (g * g~ 1)

PCA-VTFS PLSR 0.71 0.53 0.63 0. 69 0.75
SVR 0.84 0.37 0.66 0.69 1.72

GBR 0.82 0. 40 0.78 0.53 2.14

PCA-RFE PLSR 0.55 0.70 0.36 0.79 0.83
SVR 0.78 0.49 0.21 0.88 1.12

GBR 0.99 0.08 0.73 0.53 1.92

PCA-SKB PLSR 0.72 0.56 0.57 0.63 0. 80
SVR 0.68 0.55 0.67 0. 64 1.74

GBR 0.99 0.03 0.89 0.34 3.01

2.5 RMMEBMET
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PEEUAY G 3% A48 B #5719 PLSR, SVR, GBR = F
B h, GBR S 70 5000 4 B S5 4 DAL K HOM-
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Fig.7 Scatter plot of near-infrared prediction model
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for carotenoid content in wheat based on
HOM-SG-PCA-SKB-GBR
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