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Abstract—The Unscented Kalman Filter (UKF) stands out as
a versatile and dynamic algorithm, celebrated for its prowess
in estimating the states of nonlinear dynamical systems within
uncertain environments. However, the accuracy of UKF state
estimations hinges significantly on the thoughtful selection of
pivotal hyperparameters, «, 3, and x, which are integral in
shaping the distribution of sigma points around the current
state estimate. Prevailing methods for tuning these parameters
encompass heuristic approaches such as arbitrarily fix « at 0.001,
x at 0, and 8 at 2 for Gaussian noise, though the efficacy
of such rules heavily hinges on the intricacies of the specific
problem. Alternatively, the grid search technique seeks to opti-
mize these hyperparameters, but it can become computationally
burdensome, particularly when the search space is extensive
and intricate. To navigate these hurdles, this paper introduces
the RNN-UKF algorithm—a pioneering strategy that leverages
recurrent neural networks (RNNs) to autonomously fine-tune
UKF hyperparameters. The inherent adaptability of RNNs is
harnessed to dynamically adjust the «, 5, and ~ parameters of
the unscented transformation during each state estimation step,
all aimed at minimizing the root mean squared error (RMSE).
Demonstrated through numerical simulations, we provide com-
pelling evidence that the RNN-UKF approach outperforms both
heuristic rule of thumb and grid search techniques in terms
of RMSE performance. Moreover, the RNN-UKF methodology
showcases its superiority over the conventional extended Kalman
filter (EKF) approach, particularly in scenarios characterized by
substantial system noise.

Index Terms—Unscented Kalman Filter, Recurrent Neural
Networks, Hyperparameter Tuning, Deep Learning

I. INTRODUCTION

The Unscented Kalman Filter (UKF) [1] is a variant of
the traditional Kalman Filter [2] designed to overcome the
limitations of linear models and Gaussian assumptions. The
UKF is an effective nonlinear state estimation algorithm that
provides robust and accurate solutions for systems with non-
linear dynamics and non-Gaussian noise [3]. While the UKF
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offers improved performance as compared to the extended
Kalman filter (EKF) in handling non-linear systems, it can be
sensitive to the selection of the hyperparameters «, 3, x that
control the spread of the sigma points around current state
estimation. Poor choices in these hyperparameters can lead
to convergence issues and inaccurate estimates, limiting the
UKF’s robustness in certain scenarios [4].

A natural hyperparameter selection scheme is to perform
grid search [5], which involves defining a grid of possible
hyperparameter values and exhaustively evaluating all possible
combinations of these values to find the set of hyperparameters
that produces the best performance according to a chosen
evaluation metric. While grid search is simple and systematic,
it has several drawbacks:

1) Computational Cost: Grid search explores all possible
combinations, which can be extremely time-consuming
and computationally expensive, especially when dealing
with a large number of hyperparameters or a wide range
of values.

2) Curse of Dimensionality: As the number of hyperpa-
rameters and the granularity of their values increase, the
number of combinations grows exponentially, leading to
a massive search space and potentially inefficient use of
resources.

3) Limited to Defined Grid: If the optimal hyperparameters
lie between the defined grid values, grid search may fail
to identify them.

Another widely adopted rule of thumb method suggested
in [1] is to select « equal to 0.001 and x equal to O and
B equal to 2 for Gaussian noise. However, the performance
of the UKF using these hyperparameters are highly problem
dependent and may result in poor estimation performance in
some scenarios, e.g., in our Lorenz attractor and navigation
use case in our numerical experiments (Section IV).



To overcome the limitations of grid search and rule of
thumb methods, many research works have been proposed.
In Julier et al. [6], for the formulation of the unscented
transformation that features only the scaling parameter x,
the user is suggested to set x equal to 3 — n, where n
is the dimension of the state vector. Since Julier’s method
also suggests a fixed set of hyperparameters, its performance
quality is problem dependent. Sakai and Kuroda [7] propose a
hyperparameter adjustment problem for the UKF and utilized a
coordinate ascent algorithm to obtain optimal hyperparameters
for accurate state estimation by assuming the availability of
measurements of the true state vectors. Dunik et al. [8] deals
with the UKF for state estimation of nonlinear stochastic
dynamic systems with a special focus on the scaling parameter
k of the filter. They proposed an online adaptive technique for
the scaling hyperparameter «, which is based on choosing a
 that achieves the highest value of a criterion within a set
of feasible x at each time instant when a new measurement
is available. However, Dunik’s online approach imposes extra
computational cost to the UKF at runtime, and Straka et
al. [9] further explored and refined this method. But the
numerical results presented showed that the UKF enhanced
with the proposed approaches was still significantly slower
than the regular UKF. Further analysis looked at methods to
increase the speed with stochastic integration rules (SIR) [10]
as compared to the UKF methods that utilize deterministic
integration rules (DIRs) [11].

Bayesian optimization [12] is a popular tool for hyperpa-
rameter tuning for UKF in recent years. Turner and Rasmussen
[13] developed an offline model-based optimization approach
that treats sigma points placement in a UKF as a learning
problem in a model-based view and demonstrate that learning
to place the sigma points correctly from data can make
sigma point collapse much less likely. Their approach utilizes
Gaussian process optimization (GPO) to pick values for the
hyperparameter of the UKF, together with an upper confidence
bound acquisition criterion to guide the searching procedure.
Since the approach is completely offline, it does not increase
the runtime computational cost of the UKF. Scardua and Da
Cruz [4] formulated the tuning of the UKF hyperparameters as
an optimization problem and developed a stochastic search al-
gorithm with standard model-based optimizer, such as GPO, to
solve the optimization problem. The method is also performed
in an offline fashion, hence does not increase the runtime when
performing UKF. Recently, Bertipaglia et al. [14] developed
a novel methodology to autotune UKF using a two stage
Bayesian optimization method, based on a t-student process
to optimize the process noise parameters of a UKF for vehicle
sideslip angle estimation. Bertipaglia et al’s method minimizes
averaged sum of the states and measurement’ estimation error
for various vehicle maneuvers covering a wide range of vehicle
behavior. The cubature Kalman filter (CKF) faces similar
challenges as the UKF uses the unscented transform, while
the CKF uses the spherical-radial cubature rule [15], [16].

Although Bayesian optimization is a powerful technique
for hyperparameter tuning in UKF, it suffers from several

drawbacks, which makes it not suitable for many real-world
applications:

1) Sensitivity to Initial Points: The performance of
Bayesian optimization can be sensitive to the initial set
of points sampled. Poorly chosen initial points can lead
to suboptimal results or prolonged tuning.

2) High-Dimensional Spaces: Bayesian optimization’s ef-
fectiveness diminishes as the dimensionality of the
search space increases. It struggles to efficiently explore
and exploit in high-dimensional spaces.

3) Complexity of Acquisition Functions: Bayesian opti-
mization relies on selecting acquisition functions to de-
termine the next evaluation point. Choosing or designing
appropriate acquisition functions for specific problems
can be challenging and requires domain knowledge.

In recent years, there has been a notable surge in the
empirical success of deep neural networks (DNNs) across
a wide spectrum of real-world applications, including engi-
neering [17]-[24], cyber security [25]-[27], geology [28] and
sensing [29]. These data-centric parameterized models have
demonstrated their aptitude for capturing intricate nuances
inherent in complex processes, obviating the necessity for
explicit domain characterization.

Numerous recent studies have delved into the synergies
between DNNGs, state space models, and filtering techniques.
Pioneering a DNN-estimation intersection, Krishnan et al. [30]
established a groundbreaking connection between DNNs and
Kalman filters, devising a unified algorithm that efficiently
learns a spectrum of Kalman filters through variational meth-
ods for deep generative model training. Building on this,
Rangapuram et al. [31] introduced a per-time-series linear
state-space model parametrized by a jointly-learned Recurrent
Neural Network (RNN), preserving the desirable attributes of
state space models such as interpretability and data efficiency
while harnessing the capacity of deep learning to discern
intricate patterns in raw data. Krishnan et al. [32] proposed
a unified algorithm capable of efficiently learning a diverse
range of linear and non-linear state space models, including
variants incorporating deep neural networks to model emission
and transition distributions. In a real-time context, Revach et
al. [33] presented KalmanNet, a state estimator learning from
data to perform Kalman filtering under non-linear dynamics
with partial information. By integrating a dedicated recurrent
neural network module within the Kalman filter, this approach
maintains the data efficiency and interpretability of the classic
algorithm while implicitly learning complex dynamics from
the data. Numerous subsequent works, building upon [33], ex-
tended KalmanNet to high-dimensional settings and smoothing
scenarios [34]-[37].

This paper introduces an alternative strategy for hyperpa-
rameter tuning, aiming to circumvent the need for explicit
and precise knowledge of the dynamic model. This RNN-
UKF approach addresses the challenges posed by the Bayesian
optimization method for hyperparameter tuning. The RNN-
UKEF objective is to learn hyperparameters from data, lever-



aging deep learning techniques, particularly RNNs, known
for their effectiveness in time series tasks within challenging
environments. The use of various nonlinear techniques can
also be combined with imagery analysis for space tracking
[38], [39] and video public safety [40], [41].

The subsequent sections of this paper are structured as
follows: Section 2 offers a concise overview of both the
UKF and RNNs. In Section 3, we introduce our methodology,
which combines neural networks and UKF for autonomous
hyperparameter tuning. Section 4 provides an in-depth exam-
ination of our numerical experiment settings, accompanied by
discussions. Finally, Section 5 serves as the conclusion for the

paper.

II. PRELIMINARIES

A. Unscented Kalman Filter

The focus on current estimation systems includes discrete-
time state-space models for dynamic systems. In particular,
our focus is on nonlinear dynamics models that incorporate
additive noise. The system can be represented by two primary
equations, the state evolution equation and the observation
equation:

rp = f(wp—1) +ex—1, ex—1~N(0,Q) 0
Y = h(xk)Jrvk, Vg NN(O,R)
The state evolution equation xy = f(xi_1) + ex—1 describes
how the state at time k, denoted as xy, evolves from the pre-
vious state xx_1. This evolution is determined by a nonlinear
function f(-). The system is subject to additive white Gaussian
noise (AWGN) e_; with a covariance matrix Q).

The observation equation y, = h(zy) + v, describes how
the observations at time k, represented by vy, are generated
from the current state ;. The observation process is modeled
by a nonlinear function h(-) and is corrupted by AWGN vy,
with a covariance matrix R. It’s essential to note that xy, eg
and vy, are considered independent random variables.

In the classical UKF, predefined hyperparameters «, 8 and
x are employed to facilitate state estimation. It’s important to
note that the UKF can be regarded as a specific case within
the broader category of Gaussian filters [42]. Gaussian filters,
including the UKF, adopt a Kalman-like structure to tackle
state estimation tasks in dynamic systems [42].

In the Kalman filter framework, the mean & , and co-
variance ]5,:'_1 of the state estimation at time-step k — 1 play
a central role. The general equations governing the Gaussian
filter can be divided into two phases: prediction and update.

Prediction

The prediction step begins with the mean (:13211) and
covariance (P,;tl), the estimation of mean and covariance in

previous step, to predict mean (£, ) and the corresponding
covariance (P,) before a measurement update.
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Update

The update step incorporate new measurement to correct the
estimated mean (2;7) and covariance matrix (P;).
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In the given context, S; denotes the covariance related to
innovation, while Cj represents the cross-covariance. It’s
worth noting that different strategies for approximating the
moment integrals in these equations (1)-(3) lead to various
Gaussian filters [43], such as the CKF. The UKF distinguishes
itself by employing the Unscented Transform (UT) as a means
to approximately compute these moment integrals. The quality
of estimates provided by the UKF is significantly influenced
by the parameters of the UT. The next Section explores how
the UT parameters impact the accuracy of the UKF’s estimates
in the following discussion.

The UT, as outlined in reference [1], serves as an approx-
imation method for estimating the mean and covariance of
a random variable y. This variable arises from a nonlinear
transformation h(-) applied to a Gaussian random variable z
with specific parameters. The distribution of x is described as
N(z,P,) and x resides in R™=. To perform the estimation,
dimensionless UT parameters, denoted as «, 8 and x in R3,
come into play. They are instrumental in calculating a set of
2n, + 1 predefined points, often referred to as ”sigma points,”
along with their corresponding weights:

Xo=12
X,»:a‘:—&—( (nx—&—)\)Px) 1=1,..,ng
Xi:j;—( (nz+)\)Px) 1=n,+1,..,2n,

where (-); denotes the " column of the matrix, and \ is a
scaling parameter given by

A=a?(ng +K) —ng



The corresponding weights are
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Sigma points X; are then used in the nonlinear transforma-
tion h(-), yielding

Y = h(X;)
Finally, the first two moments of y are approximated as
2Ny
i~y w™MY
i=0
2N,
Py~ Y w®(Yi - g)(¥; - )"
i=0

Figure 1 below illustrates the prediction and update steps in
classical unscented Kalman Filters with fixed hyperparameters
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Fig. 1.Flow Chart for Classicl Unscented Kalman Filter

B. Recurrent Neural Network

RNN (Architecture) is a type of artificial neural network
designed to work with sequences of data. Unlike traditional
feedforward neural networks, which process individual data
points independently, RNNs have the ability to capture tempo-
ral dependencies and patterns in sequential data. Hence, RNNs
are particularly well-suited for tasks involving sequences, such
as time series analysis [38].

The key characteristic of an RNN is its ability to maintain
a hidden state that acts as a memory of the previous inputs it
has seen in the sequence. A hidden state is updated at each
time step, and it influences the predictions made at that time
step. The hidden state allows RNNs to capture information
from previous steps and carry it forward to influence future
predictions. Figure 2 below shows the general RNN structure
we utilized to generate hyperparameters.
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Fig. 2. Recurrent Neural Network Architecture

As shown in the Figure 2, at each time step k, the inputs of
the network are yi_1, Y, &}, and P;” | with hyperparamet-
ters g, Bk and Ky as output. The hidden states hy are used to
pass the information from previous time step to current time
step.

Traditional RNNs have a limitation known as the “vanishing
gradient” problem, where the influence of earlier time steps
on later ones diminishes rapidly during training. To address
this limitation, we use Gated Recurrent Unit (GRU) to in-
clude mechanisms that better manage the flow of information
through the network’s hidden states, enabling them to capture
longer-term dependencies in sequences. Figure 3 shows the
network architecture of one GRU unit, where o and tanh are
activation functions..

by

Fig. 3. Gated Recurrent Unit

GRUs incorporate gating mechanisms that help control
the flow of information through the network’s hidden states,
allowing them to capture and retain long-term dependencies
in sequential data.

The key components of a GRU are two gates: the reset
gate and the update gate. These gates determine how much
information is passed from the previous time step’s hidden
state and the current input to the current hidden state. The
update gate (z;) controls how much of the previous hidden
state should be mixed with the current candidate hidden state.
It takes into account the current input (x;) and the previous



hidden state h;—; and is expressed as
2z =0(W, - [hy—1, 2] + D)

where o is the sigmoid activation function, W, is the weight
matrix for the update gate and b, is the bias term for the update
gate.

The reset gate (r;) determines how much of the previous
hidden state should be ignored when computing the candidate
hidden state and is expressed as

re = o (W, - [he—1, z¢] + by)

with W, and b,. represent the corresponding weight matrix and
bias.

The candidate hidden state (Et) represents the information
that could be included in the new hidden state, taking into
account the current input and the previous hidden state,
whereas the current hidden state (h;) is a combination of the
previous hidden state and the candidate hidden state, controlled
by the update gate.

III. METHODOLOGY
A. Architecture Overview

Different from classical UKF which use a fixed set of «, 3
and x during the whole estimation process, we allow these
hyperparameters dynamically change over time k with «y, O
and Ky, and the values for these parameters are generated by
RNN. The inputs of RNN are current and previous measure-
ments yi_1 and yx, and previous state estimation Zj_; and
corresponding estimation covariance matrix Py._1. Notice that
these input values are known when we are performing state
estimation at time step k+ 1. Figure 4 below illustrate the idea
of the proposed method.
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Fig. 4. Neural Network Assisted Hyperparameter Selection for UKF

B. Training Process

The automated hyperparameter selector is trained using the
available labeled data set in a supervised learning manner. In
particular, we use a RNN for generating the hyperparameter
ag, Br and Ky at each time step k rather than for directly
producing the estimate 9%: Namely, we compute the loss
function £ based on the state estimate £;, which is not the

output of our RNN agent for hyperparameter selection. Since
the loss-function vector takes values in continuous set R™,
we use the squared-error loss,

L= llog — 7|2

where zj represents the true latent state. By doing so,
we build upon the ability to backpropagate the loss to the
computation of the hyperparameters ay, 8y and K.

The data set used for training comprises N trajectories that
can be of varying lengths. Namely, by letting 7; be the length
of the ¢*" training trajectory, the data set is given by D =
(Y,;,Xi)f[, where

Y= [}, Y5 s U]
X; = [xh, 2y, ..., 2%

By letting © denote the trainable parameters of the RNN,
and let -y be a regularization coefficient, we then construct an
{5 regularized mean-squared error loss measure

T.
1 - i - i
ti(©) = & > k= & (yi: ©)l2 + 7110l
b k=1

To optimize ©, we use a variant of mini-batch stochastic
gradient descent in which for every batch indexed by s,
we choose M < N trajectories indexed by 47,43, ...,%%,,
computing the mini-batch loss as

| M
Li(0) = 7 Zfz‘;(@)

Since our RNN assisted hyperparameter selector is a recursive
architecture with both an external recurrence and an internal
RNN, we use the backpropagation through time (BPTT)
algorithm to train it. Specifically, we unfold the selector across
time with shared network parameters, and then compute a
forward and backward gradient estimation pass through the
network.

IV. RESULTS

To demonstrate the RNN-UKF using the RNN, we choose
the popular Lorenz attractor and a navigation use cases to
demonstrate comparative performance. In our experiments, we
use a two-layers long short-term memory (LSTM) network to
select UKF hyperparameters.

A. Lorenz Attractor Use Case

The Lorenz attractor is a three-dimensional chaotic solution
to the Lorenz system of ordinary differential equations in
continuous time. The Lorenz synthetically generated system
demonstrates the task of online tracking a highly non-linear
trajectory and a real-world practical challenge of handling
mismatches due to sampling a continuous time signal into
discrete time.

In particular, the noiseless state-evolution of the continuous
time process x, with 7 € RT is given by



%xT = Az;) -z,
with
-10 10 0
Alz-)=1| 28 -1 -z,
0 T1,r _%

We sample the noiseless process with sampling interval
A7 and assume that A(z,) can be kept constant in small
neighborhood of x,:

A7) = A(xr1ar)

Then, the continuous time solution of the differential system
is valid in the neighborhood of x. for a short time interval Ar:

Triar = exp(Ale,) - AT) -z,

Finally, we take the Taylor series expansion of the above
equation and a finite series approximation, which results in

J j
F(a,) = eop(Als,) - Ar) ~ 1+ 3 A2 A7V

j=1

7!
The resulting discrete time evolution process is thus given
by

Tt41 = f(xf) = F(It) g 4

Eq (4) represents the discrete time state evolution model
with additional process noise is used for generating the sim-
ulated Lorenz attractor data with J = 5 Taylor order and
A7 = 0.02 sampling interval. We also set h(-) to be the
identity transformation, such that the observations are noisy
versions of the true state. We generate 1000 training trajec-
tories using the process model (4) and identity measurement
model with random initial states under various noise scenarios.

Table I below presents the comparison of RNN-UKF
(RUKF) with several other method in terms of root mean
squared error (RMSE):

1) UKF-R: the UKF with hyperparameters suggested by [1]

with a = 0.001,3 =2 and k = 0.

2) UKF-G: the UKF with hyperparameters chosen by grid
search. 10 values of « are equally spaced over interval
[0.0001, 0.005], 10 values of 3 are equally spaced over
interval [0.1,4] and 10 values of x are equally spaced
over interval [—2,2]. Thus totally 1000 hyperparameter
combinations are tried.

3) EKEF: classical extended Kalman filter

Each RMSE reported in Table I is calculated by aver-
aging 100 random testing sequences. Through the numer-
ical experiments for this scenario, the measurement noise
R is fixed to be diagonal matrix diag([0.1,0.1,0.1]). For

low system noise case, the system noise () is set to be
diag([0.001,0.001,0.001]); For medium system noise case,
the system noise @) is set to be diag(]0.1,0.1,0.1]); For
high system noise case, the system noise () is set to be
diag([1,1,1)).

TABLE 1
PERFORMANCE COMPARISON OF DIFFERENT FILTERING METHODS

|| Low Sys Noise || Med Sys Noise || High Sys Noise

| |
\ || T=100 | T=200 || T=100 | T=200 || T=100 | T=200 |
| UKFR || 1.1508 | 12254 || 25188 | 3.5194 || 3.8278 | 4.0927 |
| UKF-G || 02043 | 02299 || 04219 | 04121 || 05729 | 0.6719 |
| EKF || 0.1458 | 0.1406 || 02271 | 0.2180 || 03081 | 0.2898 |
| RUKF || 01427 | 0.1418 || 0.2075 | 0.1991 || 0.2866 | 0.2755 |

Several insights can be observed from Table I:

1) The UKF-R has the worst performance over all testing
cases. This conforms to our intuition since as observed
in many applications, the performance of UKF is heavily
dependent on the selection of hyperparameters.

2) The UKF-G always outperforms UKF-R. Since we con-
duct grid search to choose the optimal hyperparameter
combinations over the grid, the performance improved.
However, the performance of UKF-G is outperformed
by EKF and RUKF. This might be due to that the grid
does not cover the true optimal hyperparameters.

3) When system noise is low, the performance of EKF
and RUKF are similar. However, when system noise
increases, our method (RNN-UKF) always outperforms
EKF, UKF-G and UKF-R.

B. Navigation Use Case

In our second navigation use case, we aim to localize an
object that is moving according to the dynamic system of the
form

Tht1 =F~Ik+B(l'k) C Uk (®)]
The state vector x is defined as follows:

T = [(Eposv Ypos; 97 U]

where x,,,, represents z—position of the agent; y,,, represents
y—position of the agent; 6 is the orientation of the agent; v is
a constant velocity.

The control vector u is defined as u = [v, §] where v is the
velocity of the agent and 0 is the rate of change of orientation
(yaw rate) of the agent. Utilizing the major and minor axes in
combination with sine and cosine functions, we can generate
a non-linear ellipse model with state transition matrix F":

10 0 0
0 1 0O
FﬁOOlO
0 0 0O



and control input matrix B:

At-cos(d) 0

_ | At-sin(d) 0
b= 0 At
1 0

In this non-linear matrix B, At represents the time increment
and cos, sin are the standard trigonometric function. This dy-
namic model represents a simple 2D motion model, describing
the state vector that includes the s, Ypos, Orientation 6, and
velocity v. It assumes constant velocity motion with a fixed
yaw rate and employs a first-order linear approximation for
state updates. The model takes inputs of velocity and yaw
rate, incorporating them with the current state to predict the
subsequent state. Additionally, there’s an observation model
that relates the true state to the measured state, introducing
noise to simulate sensor measurements with inaccuracies:

Y1 = H - xp 1 (6)

10 0 0

i = (O 10 O)
Figure 5 below shows an example trajectory of the navigation
use case, where the blue curve represents the true trajectory of
the object moving according to system dynamic (5). The green
dots represent the noisy measurements generated according
to measurement model (6). The red curve represents the
trajectory estimated using the proposed learning assisted UKF
methodology.

where

Fig. 5.Navigation Use Case

Similar to our previous Lorenz attractor use case, we
compare the performance of the proposed learning RNN-UKF
with other methods, including UKF-R, UKF-G and EKEF, in
terms of RMSE. Table 2 below shows the comparison results.
Each RMSE reported in Table 2 is calculated by averaging 100
random testing sequences. Through the numerical experiments
for this scenario, the system noise () is fixed to be diagonal
matrix diag([0.1,0.1,0.023, 1.0]). For low measurement noise
case, the measurement noise R is set to be diag([0.1,0.1]);
For medium measurement noise case, the noise R is set to be

diag([0.7,0.7]); For high measurement noise case, the noise
R is set to be diag([2.5,2.5]).

TABLE 11
PERFORMANCE COMPARISON OF DIFFERENT FILTERING METHODS

|| Low Mea Noise || Med Mea Noise || High Mea Noise

\ |
\ || T=100 | T=200 || T=100 | T=200 || T=100 | T=200 |
| UKFR || 7.1166 | 8.4568 || 153355 | 18.3112 || 17.7296 | 21.3769 |
| UKF-G || 07821 | 09812 || 24109 | 19222 || 9.1002 | 81723 |
| EKF || 02359 | 0.2349 || 02689 | 03091 || 29154 | 2.6091 |
| RUKF || 02366 | 0.2386 || 0.2585 | 0.2477 || 21273 | 19166 |

Several insights can be observed from Table II:

1) Similar to our previous use case, the UKF-R has the
worst performance over all testing cases. This conforms
to our intuition since as observed in many applications,
the performance of UKF is heavily dependent on the
selection of hyperparameters.

2) The UKF-G always outperforms UKF-R.

3) RUKEF and EKF have similar performance in low mea-
surement noise case. However, as measurement noise
increase, the performance of the proposed RUKF is
better than EKF and other methods.

V. CONCLUSION

This paper explored an innovative approach to hyperparam-
eter tuning by combining neural networks and the unscented
Kalman filter. Both the unscented Kalman filter and recurrent
neural networks are relevant to estimation and time series
tasks. Our proposed RNN-UKF for autonomous hyperparame-
ter tuning leverages the synergies between these two powerful
techniques, aiming to circumvent the challenges associated
with explicit and precise knowledge of the dynamic model.

Through a detailed exposition of our numerical experiment
settings, we demonstrated the efficacy of the RNN-UKF
approach. The results showcased the capability of the RNN-
UKF to dynamically learn hyperparameters from data, offering
a promising alternative to traditional hyperparameter tuning
methods.

In future work, further exploration and refinement of the
combined approach could lead to enhanced performance
across a broader array of applications. Another direction
is to utilize the high fidelity modeling for support [40].
Additionally, investigating the scalability and robustness of
the proposed methodology in high-dimensional settings and
more complex scenarios could provide valuable insights for
its practical implementation.
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