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Intelligent prediction algorithm for floatation key parameter s based
on image features extraction
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Abgtract : For the problem that the mineral recovery is hard to online measure in mineral floatation process, an
intelligent prediction agorithm is proposed. The froth color feature is extracted by means of relative redness
component. Meanwhile, the froth image is segmented by using an improved areareconstruction and watershed
trandorm, and the bubble size feature is extracted. On the basis, the kernel matrix of least mean support vector
machine (L SSVM) is reduced by Schmidt orthogonalization, and the kernel partia least squares regression calculation
is conducted to obtain the sparse L SSYM. The experimental results show that the prediction agorithm can predict the
mineral recovery effectively.
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