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Robot indoor scene recognition based on fusion of CNN and Transformer

Liu Tie Duan Yong

(School of Information Science and Engineering, Shenyang University of Technology, Shenyang 110870, China)

Abstract; In order to improve the accuracy of robot scene recognition in complex indoor environments, this paper proposes a robot scene
recognition model that fuses convolutional neural network (CNN) and visual Transformer structure. The model uses CNN to extract local
features of the scene. And the visual Transformer structure is used to capture the distant dependencies in the features. The proposed
visual Transformer structure consists of three parts, they are a feature encoding structure ( Attention Embedding) , an Encoder structure ,
and a structure that converts high-level semantic features into pixel-level features ( Attention Project). The robot scene recognition model
studied in this paper uses CNN to improve the description ability of local detail features of the visual Transformer. Furthermore, the
visual Transformer helps CNN to construct the dependencies of distant features, which can effectively characterize and utilize the visual
features of the robot working scene images. Finally, the effectiveness of the model is verified by experimenting with the dataset collected
by the robot in the actual working environment and the open source COLD dataset. The scene recognition accuracy of our model is
higher.
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Fig.2 Some robot working scene images
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Table 1 Comprehensive indicators of different models
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