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CNN-BiLSTM-Attention
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Abstract: Aiming at the ranging error problem of ultra-wideband in actual environment, a UWB ranging error
mitigation algorithm based on improved sparrow search algorithm and convolutional neural network bi-directional long
short-term memory attention model is proposed. Tent mapping is adopted, adaptive adjustment method is used,
combined with northern goshawk algorithm, and spiral flight strategy is adopted in the following stage to improve the
SSA algorithm, improve the global search performance of the algorithm and avoid falling into the local optimum. The
BiLSTM model and attention mechanism are used to improve the CNN-LSTM model, and the CNN-BILSTM-Attention
model is constructed to improve the model’s ability to process long sequence data, so that the model has more accurate
weight distribution for data. TANSSSA is used to optimize the hyperparameters of the CNN-BILSTM-Attention
model, and the TANSSSA-CNN-BiLSTM-Attention model is constructed. In the model performance verification
experiment, the average absolute error of SSA-CNN-BiLSTM-Attention, CNN-BiLSTM-Attention, CNN-BiLSTM,
CNN-LSTM-Attention, CNN-LSTM, GRU and TCN models was reduced by 12.05% ~ 62.31%. In the actual
environment, the average absolute error of TANSSSA-CNN-BiLSTM-Attention was reduced by 45.70% ~ 83.82%
compared with the other seven models, and the ranging error was effectively alleviated.

Keywords: ultra-wideband;sparrow search algorithm; CNN; BiLSTM;attention mechanism
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Table 3 Evaluation index results of each model

HL 7 MAE/cm RMSE/cm R? VIR PAN
TCN 5.81 7.62 0.77 0.50
GRU 3.55 4.55 0.83 0.43
CNN-LSTM 3.16 4.01 0. 85 0.24
CNN-LSTM-Attention 2.75 3.71 0.88 0.28
CNN-BiLSTM 2.83 3.84 0.87 0. 29
CNN-BiLSTM-Attention 2. 60 3.55 0. 90 0. 39
SSA-CNN-BiLSTM-Attention 2.49 3.39 0.92 0.37
TANSSSA-CNN-BIiLSTM-Attention 2.19 3.09 0. 95 0.32
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Fig. 9 Lounge experimental environment
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Table 4 Error evaluation index results of each model

i MAE/ RMSE/ R
cm cm

TCN 16.38 19.52 0.70
GRU 12.21 14.60 0.77
CNN-LSTM 9.86 12.70 0.80
CNN-LSTM-Attention 7.82 10.06 0.85
CNN-BILSTM 8.98 11.10 0.83
CNN-BIiLSTM-Attention 6.45 8.50 0.88
SSA-CNN-BiL.STM-Attention 4.88 7.52  0.90
TANSSSA-CNN-BIiLSTM-Attention 2.65 5.09 0.94
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