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Cascade broad learning for multi-modal material recognition

WANG Zhaoxin', XU Xinying', LIU Huaping™, SUN Fuchun®’

(1. College of Electrical and Power Engineering, Taiyuan University of Technology, Taiyuan 030600, China; 2. Department of Com-
puter Science and Technology, Tsinghua University, Beijing 100084, China; 3. State Key Laboratory of Intelligent Technology and
System, Tsinghua University, Beijing 100084, China)

Abstract: Material recognition plays a vital role in the interaction between the robot and the surrounding environment.
The visual, tactile and auditory modalities can provide different properties of various materials. How to use signals of
different modalities to complete the task of material identification quickly and efficiently is an urgent problem to be
solved. Moreover, in practical applications, the data collected by the sensor is limited, so it cannot provide enough data
for deep neural network for learning and training. To this end, this paper applies the cascade broad learning with good
generalization performance to the material recognition task of small samples. Firstly, feature fusion of two sets of homo-
geneous multi-modal data is carried out, and then feature learning is carried out by using the broad learning of cascad-
ing feature nodes, The results show that compared with other methods, the method proposed in this paper reduces the

training time and improves the classification performance while completing the material recognition tasks.
Keywords: cascade structure; broad learning method; multi-modal fuse; material recognition; spectral data; homogen-
eous data; feature extraction; neural network
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