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Determination of Soluble Solids Content in Strawberry by Near Infrared Spectroscopy Combined with CARS-PLS Model

CAI De-ling, PENG Bi-ning,ZENG Chuan et al  (Technical Center of Gongbei Customs District P.R.,Zhuhai, Guangdong 519000)
Abstract In order to realize the objective,accurate ,rapid and nondestructive detection of the soluble solids content (SSC) in strawberry,in
this study, the near-infrared spectroscopy combined with competitive adaptive reweighted sampling (CARS) variable selection and multivariate
calibration analysis method was proposed.164 strawberry samples were divided into correction set (123 samples) and prediction set (41 sam-
ples) .Based on the full spectral data, CARS algorithm selected 117 characteristic variables which could represent the original spectral informa-
tion.Partial least square regression (PLS) model and multivariate linear regression (MLR) model were constructed by using full spectrum vari-
ables and characteristic spectral variables,respectively.By comparing three types of models,it was found that PLS ( CARS-PLS model) based
on characteristic variables had the best performance for determination of soluble solid content in strawberry.For the samples in prediction set,

the correlation coefficient (rP) and mean square error of prediction (RMSEP) of model were 0.950 9 and 0.335 2, respectively.
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Fig.1 Raw spectrum (a) and pre-processed spectrum (b) of strawberry samples
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