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Intelligent Identification of Minerals Polished Section Under
Microscope Based on SSD and Image Transformation
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Abstract: In mineral identification, there may sometimes be cases of missed identification or
incorrect identification when identifying associated minerals. To address these issues, the
intelligent mineral identification methods under the microscope were developed. Firstly, an
intelligent identification method was constructed by improving the SSD network and
incorporating image transformation. Secondly, the method was applied to microscope images of
minerals in polished sections from the iron ore in Liaoning Province, China, and its accuracy was
demonstrated through tests. Finally, the effects of learning rate and batch size on the loss
function were determined, and the accuracy was further improved by using the gradient descent
method. In the tests, the identification accuracy exceeds 90%, reaching up to 100%, with the
minimum value of the loss function was approximately 0. 008. The results indicate that the
proposed method has strong mineral identification capabilities.

Key words: mineral identification; deep learning; single shot multibox detector (SSD) ; image
transformation(IT) ; mineral content estimation
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deposit in the Chongli mineral concentrate area in
3 Q:FI:" i% Zhangjiakou, Hebei Province, China [J]. Ore Geology
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