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2 Random frog
Tab.2 Effective wavelengths selected by RF

/nm
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Tab.4 Correct classification rate of different models based on different wavelengths selection methods
CCR*/% CCR*/%
1 LS-SVM 470 110 0 100 50 2 96
3 MCCV-LS-SVM 90 110 0 100 50 2 98
5 RF-LS-SVM 66 110 0 100 50 7 98
7 SPA-LS-SVM 31 110 0 100 50 1 98
:CCR*. Correct classification rate
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Classification of Fish Freshness Based on LS-SVM and
Hyperspectra Imaging Technology

Zhang Hailiang, Ye Qing,Luo Wei, Liu Xuemei

(School of Electrical and Automation Engineering, East China Jiaotong University, Nanchang 330013, China)

Abstract: This study investigated the feasibility of using near infrared hyperspectral imaging system (NIR-HIS)
technique for non—destructive identification of fresh and frozen—thawed fish fillets. Hyperspectral images of
freshness, storage time, and frozen—thawed times of fillets for turbot flesh were obtained in the spectral region of
381~1 023 nm. Reflectance values were extracted from each region of interest (ROI) of each sample. Monte Car-
lo free information variable elimination (MCVE) algorithm, successive projections algorithm (SPA) and random
frog (RF) were carried out to identify the most significant wavelengths. Based on the ninety, thirty—one and forty—
nine wavelengths suggested by MCVE, SPA and RF, respectively, two classified models (least squares—support
vector machine, LS—SVM and SIMCA) were established. Among the established models, SPA-LS—SVM model
performed well with the highest classification rate (100%) in calibration and 98% in prediction sets. SPA-LS—
SVM and MCVE-LS-SVM models obtained better results 98% of classification rate in prediction set with thirty—
one and ninety effective wavelengths respectively. The RF-LS-SVM model obtained poor results with 88% of
classification rate in prediction set. The results showed that NIR-HIS technique can be used to identify the vari-
eties of fresh and frozen—thawed fish fillets rapidly and non-destructively, and SPA was effective wavelengths
selection method.

Key words: monte carlo free information variable elimination (MCVE) ;successive projections algorithm (SPA) ;

random frog(RF) ;least squares—support vector machine (LS-SVM)
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