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Abstract: Iron ore is a very important mineral resource. Its development and utilization have a great impact on
the development of the iron and steel industry. The selection and classification of iron ore is an indispensable link
in the metallurgical industry. Different types of iron ores and its grade will directly affect the ratio of other
substances, so the research on the selection and classification of iron ore is of great significance in the
metallurgical industry. Laser-induced breakdown spectroscopy (LIBS) is a recently developed component

detection technology. It has the advantages of non-destructive, fast, in-situ online detection, etc., and has certain
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advantages in the field of chemical composition detection and sample classification. In order to study the method

of improving the classification accuracy of iron ores, 10 kinds of natural iron ores, including hematite, limonite,

siderite, mica hematite, magnetite, maghmite, oolitic hematite, pyrite, cobalt-bearing magnetite, pyrrhotine, were
classified with LIBS and machine study. In this study, 10 kinds of natural iron ores, were ablated by LIBS to

obtain their corresponding spectral data; then the 10 features corresponding to the maximum spectral intensity

were obtained by setting a threshold; the classification training and testing on selected feature spectra were

performed with KNN, RF, and SVM models. The results show that the classification accuracy of the three
machine learning models: KNN, RF and SVM are 83.0%, 80.7%, and 90.3%, respectively. It can be seen from the

classification accuracy that combination of LIBS and machine learning can achieve rapid and accurate

classification of iron ores, which will provide a new method for classification of iron ores in the metallurgical

industry.
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Fig.1 Schematic diagram of the experimental setup
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(a) KNN confusion matrix
e Mica Oolitic Cobalt-
Hematite|Limonite| Siderite |, - . |Magnetite| Maghmite [ o atite | Pyrite | bearing [Pyrrhoting
magnetite
Hematite | 10 0 0 0 0 0 0 0 0 0
Limonite 0 0 0 0 0
Siderite 0 0 0 0 0
Mica hematite{f 0 7 0 0 0
Magnetite 0 0 15 0 0
Maghmite 0 0 0 0
Oolitic
rooe |0 0 o | o [N
0 0 0
0 |l 0
Pyrrhotine 0 0 0 0 0 0 14
(b) RF confusion matrix
. . Cobalt-
Hematite| Limonite| Siderite h ;vlmlggt o Magnetite| Maghmite hgr(r)ll;ttlise Pyrite rrll)a:earin.g Pyrrhotine
gnetitg
Hematite 8 0 0 0 0 0 0 0 0 0
Limonite 0 0 0 0 0 0
Siderite 0 0 0
Mica hematite 0 0 0
Magnetite 0 0
Maghmite 0 0
Oolitic
hematite 0 0
Pyrite 0
Cobalt-bearing
magnetite 0
Pyrrhotine 0
(c) SVM confusion matrix
. .. Cobalt-
Hematite|Limonite| Siderite hé\r/xlll:tailt A Magnetite| Maghmite hgr(r)xlallttli(t:e Pyrite n:):aring Pyrrhotine
gnetite
Hematite 13 0 0 0 0 0 0 0 0
Limonite 0 2 | o 0 0 2 0 0 0 0
Siderite 0 5 | o 0 0 0 0 0
Mica hematite 0 0 14 0 0 0 0 0
Magnetite 0 0 0 0 8 0 0 0 0 0
Maghmite 0 0 9 0 0 0
Oolitic
hematite 0 0 0 0 12 0 0 0
Pyrite 0 0 0 0 0 0 0 10 0 0
Cobalt-bearing 0 0 0 0 2 0 0 14
magnetite

& 7 S ZAERIRIEHERE . (a) KNN; (b) RF; (c) SVM
Fig.7 Confusion matrix of classification model. (a) KNN; (b) RF; (c) SVM
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