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Determination of Moisture Content of Hazelnuts Based on Hyperspectral

Image Feature Fusion
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Abstract: For the rapid, non-destructive detection of moisture content in hazelnuts, hyperspectral image technology
was utilized. A dataset comprising hyperspectral images of 200 hazelnuts covering wavelengths of 400~1 000 nm was
collected, and the average spectral information of the hazelnuts image regions was extracted. The dataset was divided into
sample validation and prediction sets using the K-S algorithm. Additionally, four preprocessing methods were applied to
enhance spectra quality. Spectral features were extracted using a competitive adaptive weighting algorithm (CARS) and a
successive projection method (SPA). Image texture features were obtained using the gray-scale co-occurrence matrix method
(GLCM). Partial least squares regression (PLSR) and support vector regression (SVR) models were developed based on
spectral features, image texture features, and the fusion of both to predict hazelnut moisture. The CARS and SPA algorithms
effectively selected feature wavelengths and enhanced prediction performance. Furthermore, image features showed
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potential in predicting hazelnut moisture content, particularly when extracted from principal component images. The fusion

of spectral and image features significantly enhances the accuracy of hazelnut moisture content prediction, especially when

combining CARS-selected feature wavelengths with texture features from principal component images. The SVR model

achieved impressive results, with an RMSECV of 0.03, R of 0.97, RMSEP of 0.04, and R, of 0.96. This study highlights the

effectiveness of hyperspectral image and texture features in predicting hazelnut moisture content, providing a novel approach

for moisture detection in hazelnuts.
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Table 2 Comparison of performance indicators before and

after pre-treatment

Tk LVS RMSECV R. RMSEP R, RPD
x 10 0.73 051 0.70 0.53 0.93
SNV 7 036 056 040 049 0.86
MSC 6 045 059 043 056 0.96
D1 5 0.41 0.54 047 053 094
SG 5 036 0.60 047 0.62 1.14

DI-MSC-SG 8 024 076 026 0.74 1.68
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Table 3 Characteristic wavelengths screened by CARS and SPA algorithms
Method 4FAEK K /nm
CARS 413.37. 418.62. 452.79. 495.07. 609.85. 690.93. 701.81. 704.53. 726.33. 861.14.
908.43. 936.38. 970.03. 989.72. 995.35. 998.17. 1000.03
SPA 400.28. 402.90. 418.62. 513.63. 690.93. 936.38. 967.22. 989.72
x4 HEFIEEBEERER
Table 4 Spectral feature modeling results
PLSR SVR
Method
LVs  RMSECV R RMSEP R, RPD  RMSECV R, RMSEP R, RPD
CARS 9 0.18 0.90 0.23 0.89 2.12 0.18 0.89 0.16 0.89 2.14
SPA 6 0.13 0.87 0.18 0.88 1.96 0.14 0.88 0.20 0.87 2.02
x5 EBIRBEERER
Table 5 Image feature modeling results
PLSR SVR
Method
LVs  RMSECV R¢ RMSEP Ry RPD RMSECV R RMSEP Ry RPD
PCA 5 0.24 0.75 0.25 0.73 1.62 0.24 0.77 0.24 0.76 1.68
CARS 16 0.40 0.71 0.40 0.69 1.47 0.38 0.73 0.39 0.72 1.54
SPA 12 0.35 0.70 0.36 0.69 1.43 0.34 0.74 0.34 0.73 1.55
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Table 6 Spectral image feature fusion modeling results
PLSR SVR
Method
LVs RMSECV R RMSEP R, RPD  RMSECV R, RMSEP Ry RPD
CARS-PCA 16 0.06 0.95 0.07 0.94 3.18 0.03 0.97 0.04 0.96 3.22
SPA-PCA 11 0.03 0.94 0.04 0.93 3.06 0.05 0.94 0.05 0.94 3.14
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