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A UWB Non-Line-of-Sight Recognition Method Based on LightGBM
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Abstract ; For the optimal feature subset selection and model parameter optimization in ultra-wideband non-
line-of-sight (NLOS) recognition,a new NLOS recognition method based on the cross-validation recursive
feature elimination algorithm of Light Gradient Boosting Machine ( LightGBM ) and Optuna parameter tuning
is proposed. First, six important features,including the difference between the first path signal and the total
received signal power, and the maximum noise, are selected as the optimal feature subset using the
recursive feature elimination and cross-validation algorithm. Then, Optuna is used to optimize the
hyperparameters of LightGBM model. Line-of-sight and non-line-of-sight feature data is collected, and the
Support Vector Machine , Extreme Gradient Boosting algorithm, and parameter-optimized LightGBM model
are trained and tested. The results demonstrate that the selected features exhibit excellent discriminative
ability , with the optimized LightGBM model achieving a recognition accuracy of 95.28%.

Key words: UWB NLOS recognition; light gradient boosting machine ( LightGBM ) ; recursive feature

elimination with cross validation( RFECV) ; hyperparameter optimization
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