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Fig. 2 New harmony vectors generation process

P(E;), P(E;), P(E;): Probabilities to improvise a new harmony vector by memory considerations HMCR (E;), pitch adjustment rate PAR

(E;), and activation function Sigmoid (E3)
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Table 1 Sample data distribution
A R IR 4R 6 I B 4 FEAS K
Training subset 1 nicotine, total sugar, total nitrogen 200
Training set Training subset 2 nicotine, total sugar, total nitrogen 200
Training subset 3 nicotine, total sugar, total nitrogen 200
Test set nicotine, total sugar, total nitrogen 200
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Fig. 3 Original spectra
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Fig. 4 Pre-processed spectra
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Fig. 5 Contributions of each spectral variable

(a): Nicotine; (b): Total sugar; (c¢): Total nitrogen
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Fig. 6 Cumulative frequency of spectral
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Table 2 Performance of training and prediction sets using various

types of characteristic spectra of three indicators

; - e e b e S FHAE . " UESS i
T 48 B R A e A ey o FH
iR RREEE o 735 - TS, = v
Full spectrum 1555 6 0.905 2 0.145 0 0.887 5 0.148 1
UVE 797 6 0.925 4 0.122 5 0.906 4 0.132 2
LR
PSO 882 6 0.918 1 0.1312 0.904 9 0.145 3
HS 199 6 0.954 5 0.098 3 0.921 1 0.102 3
Full spectrum 1555 7 0.909 1 1.133 5 0.874 3 1.145 7
" UVE 702 7 0.934 8 1.097 2 0.9159 1.116 5
- PSO 743 7 0.915 3 1.126 9 0.890 2 1.138 4
HS 213 7 0.942 8 0.902 1 0.925 7 1.034 6
Full spectrum 1555 9 0.948 5 0. 065 4 0.9149 0.076 8
UVE 849 9 0.963 2 0.056 9 0.932 4 0.066 4
MR
PSO 991 9 0.957 7 0.062 1 0.9197 0.071 3
HS 276 9 0.968 5 0.045 2 0.941 2 0.053 1
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Research on Near Infrared Spectral Feature Variable Selection Method
Based on Improved Harmonic Search Algorithm

ZHANG Lei', DING Xiang-gian' , GONG Hui-li', WU Li-jun*" , BAI Xiao-li*, LUO Lin*
1. College of Information Science and Engineering, Ocean University of China, Qingdao 266100, China

2. China Tobacco Yunnan Industry Co. , Ltd. , Technical Research Center, Kunming 650024, China

Abstract Near-infrared spectroscopy has been widely used in many fields for detection and analysis because of its advantages of
simplicity, speed, efficiency, low cost, and environment protection. However, the NIR spectra also contain interferences such
as high variable dimension, multiple collinearities, redundant information, and high frequency noise. The direct construction of
the prediction model not only increases the modeling complexity but also affects the prediction performance and generalization.
For this purpose, a spectral feature variable selection method based on the improved Harmony Search algorithm (HS) is
proposed. HS is often used to solve feature variable optimization problem. When the spectral variable selection is applied by the
HS algorithm, the feature contribution of spectra is firstly calculated by the PLS loading coefficient as the disturbance weight of
the improved HS. In the process of optimizing the spectral feature variables, the variable feature contribution is introduced as the
excitation factor, and the initial solution vectors are generated by the combination of random traversal and excitation factor.
When generating the new harmony vector, the feature contribution is applied as a penalty factor., and the parameters of HS are
dynamically adjusted with the number of iterations by adding the balance factor, so as to adapt to the search of spectral variables.
It enhances the ergodicity of the search process and the diversity of the population. In order to verify the effectiveness of the al-
gorithm, the NIR PLS models of nicotine, total sugar and total nitrogen using tobacco samples are constructed. After pre-pro-
cessing the original spectra, this method is used to optimize spectral variables. The prediction performance of each model corre-
sponding to the number of different variables is calculated according to the cumulative frequency at which the variables are select-
ed, and the final selected spectral variables are determined by the increasing trend of the Root Mean Square Error of Calibration
(RMSEC) with the variables. The three PLS models are established on the training set and the test set respectively, and they are
compared with the full spectrum, Uninformative Variables Elimination (UVE) and Particle Swarm Optimization (PSO). The
experimental results show that the coefficient of determination (R*) of nicotine, total sugar and total nitrogen models using the
selected variables is 0. 921 1, 0. 925 7 and 0. 941 2, respectively; and the Root Mean Square Error of Prediction (RMSEP) is
0.102 3, 1.034 6 and 0. 053 1. Compared with other methods, the RMSEP of this study is low, the R* of these models is more
than 0. 92, and the spectral characteristic variables are small. It is shown that the improved HS algorithm can effectively filter

the feature spectrum, reduce the modeling complexity, improve the model prediction performance and generalization ability.
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