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Abstract: The accurate and easy estimation of system models and parameters of a moving object remains an issue that requires further
improvement. Although the interacting multiple model filter (IMMF) has been employed in previous studies to achieve good results,
the importance of model and parameter selection cannot be undermined. Research on estimating the desired states using deep learning
models has been actively pursued recently. In this study, the state of external objects has been estimated using a constant velocity
model-based Kalman filter (CVKF). The estimation accuracy was improved by using long short-term memory (LSTM) to predict and
compensate for estimation errors caused by acceleration or rotational motion. The proposed model exhibited a reduction of 27.09%
and 4.70% in the root mean square error (RMSE) compared to the extended Kalman filter (EKF) and IMME, respectively, which were
selected as comparison targets. The state estimation model offers a wide range of output distribution for position estimation, resulting
in substantially decreased estimation performance in the tail part of the distribution. However, the error compensation model has the
advantage of being robust to the estimated position range as it outputs the errors.
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Table 2. Estimation position RMSE results for each model.
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Table 3. Test path RMSE mean and standard deviation results.

Model EKF IMMF . Sta.te CVKEF +Al
Estimation Al
Average
RMSE 1.93 1.48 2.06 1.41
std 0.35 0.17 0.5 0.14
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Table 4. Ground-truth path range-constrained path RMSE mean and

standard deviation results.
Model State Estimation Al CVKF +Al
Average
RMSE 1.97 1.35
std 0.34 0.12
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