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Review of robot tactile perception algorithms for complex environments

GAO Chunyan, LIU Qi, LI Manhong, LIU Xuan
(School of Mechanical Engineering, Hebei University of Technology, Tianjin 300401, China)

Abstract: To address the challenges posed by complex environments and improve the accuracy and robustness of robot-
ic tactile perception, this study systematically reviews representative machine learning-, deep learning-, and reinforce-
ment learning-based algorithms developed over the past five years, covering convolutional neural network(CNN), graph
neural network(GNN), long short-term memory network(LSTM), multimodal fusion, and active exploration. The results
indicate that existing methods have made significant progress in handling complex characteristics such as noise, irregu-
lar contact, and dynamic temporal patterns, while demonstrating distinct methodological advantages. Nevertheless, com-
mon bottlenecks remain, including data sparsity, limited publicly available datasets, weak cross-modal alignment, and
challenges in simulation-to-real transfer. These findings provide valuable insights for future research on low-supervi-
sion learning, standardized dataset construction, unified multimodal modeling, and high-fidelity transfer in robotic tact-
ile perception.

Keywords: tactile sensing; unstructured environments; artificial intelligence; robots; deep learning; reinforcement learn-

ing; machine learning; multimodal systems
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Table 3 Input signal dimensions, datasets, advantages, and performance evaluation results of GNN models
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Fig. 5 Multimodal fusion framework
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transformer architectures
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