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[Abstract]

Object tracking is a technique of signal processing that estimates objects locations based on past locations and present time
observed data. While, Kalman filter and particle filter are among the most notable object tracking schemes, these filters need to
know the system model to achieve optimal performance. The recursive neural network (RNN) with a feedback loop added to the
perceptron neural network can be used for object tracking. Also, RNN evolved into long-short term memory (LSTM) that solved the
long-term dependence problem and is being used in various fields. In this paper, in order to study the tracking performance of
LSTM, we consider a simple problem of one-dimensional object tracking, and compare the tracking performance with Kalman and
particle filters. In order to test the tracking performance in diverse observation environments, various noise models such as Gaussian,
Laplace, exponential, and uniformly distributed noises are considered. Under the various circumstances, we observe that LSTM
neural network achieves fairly stable performance without knowing the system model.
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Fig. 1. The structure of LSTM neural network.
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Table 1. The rmse result of each algorithms when
(transition noise variance, observer noise
variance) is (1, 1).

153

dis’t\:i%izion Kalman filter | Particle filter LSTM
Normal 0.7848 0.7847 0.7863
Laplace 0.7848 0.7803 0.7822
Exponential 0.7851 0.7620 0.7621
Uniform 0.7848 0.7818 0.7843
B2 (OISR BAZSE (1, 42 Fee

Table 2. The rmse result of each algorithms when
(transition noise variance, observer noise
variance) is (1, 4).

dis’t\:i%izion Kalman filter | Particle filter LSTM
Normal 12424 1.2401 1.2422
Laplace 12421 1.1942 1.1967
Exponential 12414 1.0906 1.0935
Uniform 12422 1.1902 1.1931
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Table 3. The rmse result of each algorithms when
(transient noise variance, observed noise

variance) is (1, 1), but misunderstood as (1, 4).

dis’t\‘r?biz‘:’ion Kalman filter | Particle filter LSTM
Normal 0.9079 0.9123 0.7863
Laplace 0.9076 0.8715 0.7822
Exponential 0.9087 0.9658 0.7621
Uniform 0.9077 0.9799 0.7843

ol AE (1, N2

S Yrmse s

Table 4. The rmse result of each algorithms when
(transient noise variance, observed noise

variance) is (1, 4), but misunderstood as (1, 1).

Noise . . .
distribution Kalman filter Particle filter LSTM
Normal 1.5257 1.3913 1.2422
Laplace 1.5252 1.3502 1.1967
Exponential 1.5243 1.3425 1.0935
Uniform 1.5259 1.6186 1.1931
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