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Feature Optimization and Classification of Dual Energy X-ray Scrap
Metal Based on CFS-KNN
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Abstract; In the separation of scrap metal based on dual-energy X-ray transmission technology, the recognition
effect is largely affected by the features of the selected materials. The features used in the existing scrap metal
material recognition algorithms are not comprehensive enough,and the redundancy among feature data is large, so the
recognition accuracy is not high. To solve this problem, this paper gives full consideration to the redundancy between
features and the correlation between features and categories, and puts forward a correlation-based feature selection
method(CFS) to determine the optimal feature subset consisting of features Iy, I .x, Ty and Ty among many
material features. Comparative experiments were carried out by using different material feature combination
methods,and K nearest neighbor(KNN) under the optimal feature subset was selected as the optimal classification
model. The experimental results show that:compared with the existing classification methods, the identification and
classification method of waste nonferrous metals materials based on the correlation-based feature selection and K
nearest neighbor(CFS-KNN) has higher identification accuracy(96. 13 % ) with relatively few features.
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Fig. 1 Principle of feature selection based on CFS algorithm
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Fig. 2 Flowsheet of CFS algorithm
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Table 1 Description of features of scrap metal samples

Exp. No. Features Description
1 I, Transmission value of low-energy X-ray
2 Iy Transmission value of high energy X-ray
3 Al = I — I, Attenuation of low-energy X-ray intensity
4 Aly = Ino — In Attenuation of high-energy X-rayintensity
5 ay = pmupt = In(Ino/Iw) a features of high energy X-ray
6 ap = pmrpt = In(Io /1) a features of low energy X-ray
7 ap = ay —ap, « difference between high and low energy X-ray
8 R = o /ay R value
9 RL = ap/a;. R value of low energy X-ray
10 Ru = ap/ay R value of high energy X-ray
11 Su = (Uno — I) /Tno Transparency of high energy X-ray
12 SL = I —1)/Io Transparency of low energy X-ray
13 Ty = Iy — Ino) Transmittance of high energy X-ray
14 Twv = (I — o) Transmittance of low energy X-ray
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Fig. 4 Sample diagram of aluminum and copper scrap metal materials
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Table 2 Feature selection process based on correlation
Number Feature subset Fef 7ry Vv, Number Feature subset Fef Frr V,
1 Iy 0.100 8 1. 000 0 0.100 8 1 ap 0.036 9 1. 000 0 0.036 9
1 I 0.096 4 1. 000 0 0.096 4 2 I I 0.098 6 0.8317 0.103 0
1 x 0.085 9 1. 000 0 0.085 9 3 In. I .x 0.094 3 0.610 8 0.109 6
1 Al'y 0.080 6 1. 000 0 0.080 6 4 Iy I .2 Alu 0.090 9 0.687 1 0.103 9
1 T 0.077 8 1. 000 0 0.077 8 4 In I x Alnx 0.090 6 0.671 8 0.104 4
1 St 0.077 8 1. 000 0 0.077 8 4 I I o T 0.090 2 0.558 4 0.110 3
1 Twmn 0.077 5 1. 000 0 0.077 5 5 Iy I x Tl SL 0.087 7 0.586 8 0.107 2
1 Sh 0.077 5 1. 000 0 0.077 5 5 I I e T Tun 0.087 7 0.534 5 0.110 7
1 Al 0.074 6 1. 000 0 0.074 6 6 I I x T s Tvn ~Su 0.086 0 0. 560 6 0.108 0
1 ay 0.073 8 1.000 0  0.073 8 6 InIu o Tve s Tvn ey 0.0854  0.5812 0.105 8
1 ap 0.071 8 1.000 0 0.071 8 6 I I vx T s Tun R 0.082 3 0.517 0 0.106 4
1 R 0.055 3 1. 000 0 0.055 3 6 I I .x.Twe Twvn Ru 0.081 9 0.517 0 0.106 0
1 Ru 0.053 3 1. 000 0 0.053 3 6 I Iu o Tae s Tvn WRi 0.081 8 0.504 4 0.106 8
1 Ry 0.052 6 1.000 0 0.0526 6 In I e T s Tvn ey 0.079 2  0.5277 0.101 7
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Table 3  Classification results based on CFS-KNN model

Model Classification accuracy/ % Time of classification/s

CFS-KNN 96.13 0. 004 9
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Table 4 Several combinations of features of waste metal materials

Exp. No. Number of features Features
1 2 R. I
2 2 Tu I
3 3 In I .x
4 4 Iy I 2 T
5 6 In Iu o Tl Tvn ayp
6 17 All features
7 5 In Iz Tw s Tvn
RS THHEFEEKNNRBETHILEBRE
Table 5 Classification accuracy of seven feature subsets under KNN model /%
Classification model 1 2 3 4 5 6 7
KNN 85.73 87. 77 95. 15 94. 18 93. 89 95. 22 96. 13
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Table 6 Classification accuracy of five models under optimal feature subset /%
Feature subset RF KNN NB SVM BPNN
Optimal feature subset 92.63 96. 13 86.61 86. 29 92.91
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Table 7 Comparison of five classification algorithms for material identification

Recognition algorithm Features Classification accuracy/ %
R — I, curve fitting algorithm!®J R.I. 81. 32
Ry, — I curve fitting algorithm!?! R, .1, 83. 27
Regional block recognition algorithm!!¢! R. I 81.03
BPNN classification algorithm(!2] ap~ap T 91. 70
CFS-KNN classification algorithm InIu .o Twe ~ Tvn 96. 13
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