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ABSTRACT

Estimating internal system states from a series of measurements is essential for understanding
biological oscillators. However, this task is challenging because such systems often exhibit
both slow and fast manifolds, resulting in highly nonlinear dynamics. This undermines a key
assumption of the widely used Kalman—Bucy filter—that system dynamics can be locally
approximated by a single symmetric Gaussian distribution—and it also makes Monte Carlo
sampling in particle filtering computationally expensive. Here, we develop the asymmetric
particle Gaussian mixture filter (AP-GMF) that accurately estimates the system states in
highly nonlinear oscillators. The AP-GMF adaptively splits and merges Gaussian particles by
assessing the local degree of nonlinearity and the Kullback—Leibler divergence, respectively.
This split-merge scheme approximates the asymmetric state distributions more accurately
than the recently developed asymmetric particle population density method, while requiring
fewer particles. Furthermore, the AP-GMF consistently outperforms existing filters, such as
the level-set Kalman filter and the continuous—discrete cubature Kalman filter, on the van der
Pol oscillator, a widely used model of highly nonlinear oscillatory dynamics, across a range of
parameters. Lastly, we provide a parallel AP-GMF implementation, enabling high-fidelity
state estimation with a reasonable computational cost.
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