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Abstract: To address the degradation of force measurement performance caused by interdimensional cou-
pling in piezoelectric six-dimensional force/torque sensors, an integrated decoupling algorithm (BO-CNN-
BiILSTM) combining Bayesian optimization (BO) , convolutional neural networks (CNN) , and bidirec-
tional long short-term memory networks (BiLSTM) is proposed. In this algorithm, CNN is first em-

ployed to enhance the extraction of spatial coupling features from six-dimensional force signals. BiLSTM
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is then utilized to exploit bidirectional temporal modeling capabilities and dynamically capture cross-dimen-
sional time-domain dependencies of the loads. Subsequently, BO is introduced to achieve adaptive global
optimization of hyperparameters. In this way, the limitations of traditional decoupling methods in terms of
real-time performance, generalization ability, and physical consistency are effectively overcome. The pro-
posed BO-CNN-BILSTM algorithm eliminates the empirical dependence on manually tuned parameters in
conventional approaches and enables adaptive modeling of the nonlinear characteristics of sensors. Experi-
mental results demonstrate that the maximum nonlinear error and cross-coupling error of the six-dimension-
al force/torque sensor outputs are 0. 87% and 0.52% , respectively. The BO-CNN-BiLSTM decoupling
algorithm effectively reduces both intra-dimensional and interdimensional coupling in six-dimensional force
sensors, significantly improving measurement accuracy and providing important support for anthropomor-
phic motion control and environmental interaction in humanoid robots.
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Tab.2 Error comparison of three decoupling algorithms

ok S F R/ %
F, F, F. M, M, M.
CNN F. 3.36 0. 46 3.60 0.13 0.02 0.01
F, 0.64 0.35 7.49 0.52 0.02 0.04
F. 0.02 0.22 0.93 0.06 0.04 0.00
M, 2.73 0.82 3.11 9.12 3.97 0.27
M, 0.74 0.78 21.77 0.53 7.73 0.27
M. 2.27 1.30 6.24 1.91 0.17 4.26
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Tab.2 Error comparison of three decoupling algorithms
iR 2/
ik IRy A
F, F, F. M, M, M.
CNN-LSTM F, 0.20 0.28 2.33 0.07 0.18 0.01
F, 0.04 0.25 0.65 0.16 0.17 0.01
F. 0.01 0.09 3.93 0.01 0.04 0.01
M, 0.73 1.62 0.83 3.17 0.19 0.09
M, 0.68 1.30 0.77 1.12 1.80 0.05
M. 0.40 1.29 1.23 1.06 0.26 0.67
BO-CNN-BILSTM F, 0.26 0.22 0.43 0.09 0.08 0.00
F, 0.18 0.17 0.39 0.06 0.10 0.01
F. 0.04 0.01 0.57 0.01 0.01 0.00
M, 0.25 0.52 0.42 0.87 0.15 0.01
M, 0.12 0.32 0.23 0.09 0.32 0.01
M. 0.18 0.28 0.49 0.20 0.09 0.27
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Tab.3 Error comparison of multiple decoupling algo-

rithms
SRR RARTHBE BKRIERE
CNN 9.12% 7.48%
CNN-LSTM 3.93% 1.62%
BO-CNN-BiLSTM 0.87% 0.52%
GA-MLP 1.78% 2.01%
RBF 1.57% 1.66%
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