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[Abstract] The object information that a single modality contains is limited, degrading the performance in object
material recognition and classification. At the same time, the sample training of the traditional multi-modal fusion
methods require all data to participate.To address the problem, a multi-modal online sequence extreme learning machine
method with multi-scale Local Receptive Fields(LRF) is proposed. The. method employs an improved feature to extract
the framework of different modality samples of the objects, and then juses multi-scale local receptive fields to perceive
sample information and extract the features.Different modality features are fused through the Online Sequence Extreme
Learning Machine (OSELM) for training and learning. The online sequence extreme learning machine can be trained
with incrementally input samples during the training process, and does not need to retrain all the data every time there is
new data to be trained.The method is verified on the TUM tactile texture database.The experimental results show that the
classification accuracy of fused multi-modal is higher than that of the single modality, and the improved feature
extraction framework can significantly improve the classification performance.

[Key words] multi-modal; RGB color. three channels; Local Receptive Field (LRF) ; Online Sequence Extreme
Learning Machine(OSELM ) ; surface material classification
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