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Raman Spectrum Wavelength Selection Method Based on Neural Network

SHEN Dong-xu, HONG Ming-jian* , DONG Jia-lin
School of Big Data & Software Engineering, Chongqing University, Chongging 401331, China

Abstract Blood identification is crucial for the field of inspection and quarantine, criminal investigation and animal protection.
Traditional blood identification methods have shortcomings such as long analysis period and damaging to blood samples during
the identification process. Raman spectroscopy can obtain molecular vibration and rotation information by analyzing the scattering
spectrum different from the incident light frequency, and obtain the composition of the material. Moreover, it has the
characteristics of zero pollution and non-contact, which provides the possibility of non-destructive identification of blood.
However, there is serious multicollinearity between each wavelength point in Raman spectrum, and directing the use of full-spec-
trum for modeling will increase the complexity of the model and reduce the stability of the model. According to the characteris-
tics of Raman spectroscopy, this paper proposes a wavelength selection based on neural network. The method uses the neural
network to learn the contribution weight of each wavelength point to the correction model, and uses the mean value of the weight
as the threshold value to remove the wavelength point whose weight is lower than the threshold value, so as to achieve the pur-
pose of wavelength selection. In order to make it easier to determine the threshold of the screening, sparse constraints are added
to the weight learning process, which greatly reduces the wavelength points used for screening. The proposed method was vali-
dated by Raman spectroscopy datasets of animal and human serum. The experimental results show that the model established by
the wavelength selection using this method has a certain improvement in classification accuracy compared and AUC value with the
full spectrum, the accuracy of artificial neural network (NN) reached 94. 495% and AUC value reached 0. 985 0. The accuracy
of PLS-DA reached 92.661%, and AUC value reached 0.976 0. Compared with the traditional wavelength selection method
UVE, the method selects fewer wavelength points, and only 42 wavelength points have been selected for modeling, the classifi-
cation accuracy of the calibration model and AUC value is high, and accuracy reached 92. 661% , and AUC value reached 0. 976
0. It is proved that the wavelength selection method can effectively screen out the wavelength points contributing to the model-

ing, which provide a possibility for non-destructive identification of blood., which has certain practical value.
Keywords Spectral analysis; Raman spectrum; Wavelength selection; Neural network; Calibration model
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