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Abstract: Bayesian filtering is a state estimation method based on the Bayesian inference framework, which can
be applied to state estimation of linear, nonlinear, and non-Gaussian systems, and is an essential tool in signal
processing. However, modern dynamic systems often exhibit complexity and uncertainty, making it challenging for
traditional Bayesian filtering to perform robust estimation under such conditions. With the rapid rise of artificial
intelligence technologies, renowned for their powerful ability to extract features from statistical data, data-driven
deep learning approaches have introduced new perspectives to traditional model-based estimation methods. This
has led to the emergence of hybrid methods that combine data-driven and model-driven approaches with distinct
functionalities. This paper summarizes and organizes these methods, elaborates on their advantages, and discusses
future development directions.
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1. Introduction

Bayesian filtering [1,2] is a recursive estimation method based on Bayes’ theorem, applied to state estimation
in dynamic systems [3,4]. State estimation refers to the process of inferring the current state of a system by
estimating its unknown variables. For instance, real-time state estimation of an aircraft typically involves multiple
variables such as position, velocity, and attitude [5]. Since these variables cannot be fully observed directly through
sensors, state estimation methods are required to infer them [6]. Currently, the most widely used estimation method
is Bayesian filtering. The core idea of Bayesian filtering is to continuously update the estimation of the system’s
state by combining observational data with prior knowledge of the system, thereby effectively addressing uncertainty
and noise in dynamic systems. Bayesian filtering plays a critical role in many practical applications, especially in
fields such as navigation [7], robotics [8], and communication systems [9].

In state estimation of a system, the first step is to establish a state-space model. The state-space model is used
to describe both linear and nonlinear dynamic systems. It characterizes the time evolution of the system through a
set of state equations and uses an observation equation to relate the system’s state to the observable variables:

xy = Azy_1 + Bug + wy,
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Here, x represents the system’s state, z denotes the observation data, and u, is the input signal. A and H are
the state transition matrix and the observation matrix, respectively. B is the matrix for control input, while w; and
vy represent Gaussian noise associated with the state and observation, respectively.

The core idea of Bayesian filtering is to recursively update the system’s state based on Bayes’ theorem [10]. Bayes’
theorem states that, given observation data, the posterior probability can be computed from the prior probability and
the likelihood function using the following formula:

Pz | o) P (24 | 214-1)
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where P(x¢|z1.1) is the posterior estimate of the system state x; given the observation data z1.;; P(z¢|x;) is the
observation model, which describes the probability of the observation data given the state x;; P(x¢|z1.4—1) is the
prior estimate of the system state, typically propagated from the previous estimate z;_1; and P(z;|z1.¢+—1) is the
normalization constant for the observation data, ensuring that the total posterior probability sums to 1.
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Bayesian filtering continuously updates the understanding of the system’s state by combining the current observation
data with the previous state estimates. This approach demonstrates excellent performance, particularly when dealing
with dynamic systems that involve noise.

In recent years, with the rapid development of deep learning, state estimation based on deep learning has
also emerged, owing to its strong nonlinear fitting capabilities and model-free nature [11—13]. End-to-end state
estimation methods based on deep learning [14, 15] can directly learn the state mapping relationships from data,
eliminating the reliance on explicit models. However, compared to learning-based Bayesian filtering methods, the
disadvantages of end-to-end methods are mainly as follows: they typically lack the utilization of dynamic system
structures and prior knowledge, have limited capabilities for explicit modeling of observation and process noise,
and are more prone to performance degradation when data is insufficient or the environment changes. On the other
hand, Bayesian filtering combined with learning methods can integrate system dynamics models with data-driven
techniques, offering stronger robustness and generalization capabilities. It also allows for explicit quantification of
uncertainty, leading to better performance in complex dynamic environments.

A segment of the state estimation research community has focused on combining Bayesian filtering with deep
learning, primarily to overcome the limitations of traditional filtering methods in certain practical applications, such
as when the dynamics are known. The goal is to leverage the powerful modeling capabilities of deep learning to
enhance the performance of the filter, particularly in complex and high-dimensional systems. The combination of
deep learning’s strong modeling capabilities with the state update advantages of Bayesian filtering can result in
higher accuracy, robustness, and flexibility in many real-world applications [16,17].

This paper introduces Bayesian filtering and artificial intelligence, summarizing the excellent work that
combines the two fields, covering the development process from the early simple combination to the current organic
integration. In the early stages, the combination of artificial intelligence and Bayesian filtering typically took the
form of a simple additive approach. For example, in fault diagnosis [ 18], Bayesian filtering algorithms like Kalman
filtering were first used to estimate the fault state, and then deep learning methods were employed to analyze and
recognize the estimation results. While this approach complemented the advantages of both methods, it did not fully
explore their potential and interaction. Model-based filtering, data-driven filtering, and hybrid filtering methods are
classified as shown in Table 1.

Table 1. Comparison of Bayesian filtering, deep learning, and hybrid methods.

Method Definition Application Scenarios

Uses probabilistic models to estimate the . . .
P Suitable for systems with accurate physical

models, especially when the model is known
and the system dynamics are relatively simple.

Bayesian Filtering
(Model-based)

state of a dynamic system, updating the state
estimation based on prior knowledge and
observations. Represented by Kalman Filter.

Utilizes neural networks and other models to . . .
Suitable for scenarios with no model, severe

Deep Learnin . .
p g model mismatch, or when the model is too

(Data-driven)

learn from large amounts of data, automatically
extracting patterns to make predictions and

estimations.

complex to explicitly define.

Hybrid Methods

Combines Bayesian filtering and deep learning,
using deep learning to supplement the model

Suitable for scenarios with inaccurate models
or where there is a need to improve the

deficiencies in Bayesian filtering, while

.. e .. interpretability of data-driven methods.
retaining optimization estimation.

As research progressed, the integration of artificial intelligence and Bayesian filtering gradually evolved into
a more organic fusion. In this phase, researchers, through in-depth analysis of the points of intersection between
the two, proposed new models such as KalmanNet [19] and DynaNet [20]. These models, leveraging the powerful
capabilities of deep learning, redefined the dynamic modeling and state estimation processes of the state-space
model. These novel methods are better equipped to address complex problems in high-dimensional and unknown
environments, while still preserving the advantages of Bayesian filtering in recursive updates.

2. Development of Bayesian Filtering

Bayesian filtering is a state estimation method based on Bayesian theory, with its core idea being to recursively
update the state of a dynamic system by combining prior information and observational data in a probabilistic
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manner, while also quantifying the uncertainty of the estimate. In theory, the Kalman filter (KF) [21] can be
considered a special case of Bayesian filtering under certain assumptions—namely, when the system is linear
and the noise is Gaussian. In this case, the Kalman filter provides the optimal Bayesian estimate by mapping
low-dimensional innovations to high-dimensional state estimates using an analytical optimal gain. However, as
system complexity increases, the traditional Kalman filter begins to reveal its limitations, particularly when dealing
with nonlinear systems and complex noise environments. For example, the Extended Kalman Filter (EKF) extends
the Kalman filter to nonlinear systems by applying a Taylor expansion to the system. The Unscented Kalman Filter
(UKF) [22], on the other hand, addresses nonlinear systems and more complex noise environments by introducing
the unscented transformation. Unlike the EKF, the UKF does not require a Taylor expansion and is able to more
accurately capture the dynamics of nonlinear systems. Furthermore, the introduction of Particle Filtering (PF) [23]
further expands the applicability of Bayesian filtering, enabling it to handle systems with highly nonlinear and
non-Gaussian noise.

2.1. KF for Linear System

The KF, introduced by Rudolf E. Kdlman in 1960, is an optimal recursive algorithm used for state estimation
in linear dynamic systems with Gaussian noise [24]. The filter operates by predicting the next state based on the
system’s dynamics and then updating this prediction with new observations to minimize the estimation error. The
process consists of two key steps: prediction and update. In the prediction step, the system’s state at time ¢ is
predicted based on the state at time ¢ — 1 using the system’s dynamics model. The predicted state is given by:

Typ—1 = AZy_1p—1 + Buy, (3)

where 2|, represents the predicted state at time ¢, A is the state transition matrix, #;_1|,_; is the state estimate
from the previous time step, B is the control input matrix, and u; is the control input at time ¢. Additionally, the
uncertainty (covariance) of the predicted state is calculated as:

Pyiq = APtfl\tflAT +Q, )

where Py;_; is the predicted error covariance matrix, P,_q;_; is the covariance of the state estimate from the
previous time step, and @ is the process noise covariance matrix that models uncertainty in the system’s dynamics.

In the update step, the predicted state is corrected using the new measurement z;. The Kalman gain, K, which
determines the weight of the new measurement, is computed as:

T T -1

Ki= Py H (HP,;_«H" +R)"", 5
where H is the observation matrix that maps the state to the measurement space, and R is the measurement noise
covariance matrix. The state estimate is then updated as:

Typ = T + Ki(ze — Hyp—1), (6)
where Zy); is the updated state estimate and z; is the actual measurement at time ¢. Finally, the error covariance is
updated to reflect the new uncertainty in the state estimate:

Pt|t = (I - KtH)Pt|t—1» @)

where [ is the identity matrix. The KF provides an optimal estimate of the system state by minimizing the mean
square error of the estimate under the assumption that the system is linear and the noise is Gaussian. Its efficiency
and ability to handle noisy measurements make it widely used in fields such as automatic control, navigation,
robotics, and signal processing.

2.2. EKF&UKEF for Non-Linear System

The KF is designed for linear systems, but its limitations in handling nonlinear dynamics led to the development
of the EKF and UKF. These methods adapt the recursive estimation framework for nonlinear systems.

The EKF approximates nonlinear systems by linearizing the state transition f(-) and observation h(-) functions
around the current state estimate using a first-order Taylor expansion. For a system represented as:

Ty = f(meo1,ue) Fwe, 2z = h(x) + vp. 8)
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The state prediction and covariance update equations follow the KF’s structure but use the Jacobian matrices
F, = % - and H; = % PR This approach introduces inaccuracies in cases of significant nonlinearity.

The UKF avoids linearization by employing the Unscented Transform to propagate the mean and covariance
through the nonlinear functions. It selects a set of sigma points around the current estimate, transforms them through
the nonlinear functions, and reconstructs the mean and covariance. This approach provides higher accuracy in
capturing nonlinear effects without requiring explicit derivatives.

Both EKF and UKF improve the KF’s applicability to nonlinear systems. However, the EKF is computationally
efficient but less accurate for highly nonlinear systems, while the UKF is more accurate but computationally more

intensive [25].

2.3. PF for Non-Gaussian System

The PF is a Monte Carlo-based Bayesian filtering method designed for nonlinear and non-Gaussian systems,
offering flexibility beyond Kalman-based approaches [26]. It approximates the posterior distribution of the state x;
using a set of particles {xﬁi),wgi)}fil, where xgi) represents the i-th particle, and wt(i) is its weight. Particles are
initially sampled from the prior p(zo) and propagated through the state transition model p(x;|x;—1). The weights are
updated based on the likelihood of the observation z; as wt(i) x p(z |z£i)). The resampling step eliminates particles
with low weights, focusing computational resources on high-probability regions of the state space. PF is highly versatile,
effectively capturing complex distributions, but it can be computationally intensive, especially in high-dimensional

systems. It has found applications in robotics, tracking, and other domains requiring robust state estimation.

2.4. STF&SVSF for Model Mismatch in Dynamic System

All of the aforementioned filters require accurate model parameters; however, model mismatch/uncertainty
is a common challenge in state estimation. This necessitates the development of robust filtering techniques. The
model mismatch in filtering refers to the situation where the system model used by the filter (including the state
transition model, observation model, and noise statistical characteristics) deviates from or is inconsistent with the
actual operating mode of the real system. Such mismatch can lead to performance degradation of the filter or even
divergence. Currently, effective filtering algorithms for handling model mismatch include the Strong Tracking Filter
(STF) and the Smooth Variable Structure Filter (SVSF).

The STF [27,28] is based on the core idea of introducing a fading factor X into the filtering process to enhance
the filter’s sensitivity to changes in the system state, thereby improving robustness in non-stationary or rapidly
changing environments. When the state of a dynamic system undergoes a sudden change, the time-varying fading
factor automatically increases, causing the system’s prior estimation covariance to grow. Consequently, the KF gain
K increases, placing greater weight on the current measurement in the posterior state estimation. This allows the
filter to rapidly and accurately track abrupt changes in the signal. In contrast, when the state changes gradually, the
time-varying fading factor remains equal to 1, and the strong tracking filter degenerates into a standard EKF.

The SVSF [29,30] is a robust filtering method designed to address uncertainties in dynamic systems, particularly
under model mismatch conditions. SVSF integrates principles of sliding mode control into the filtering process to
improve stability and robustness.

Its key feature is the use of a smoothing function to adaptively modify the system state trajectory, mitigating the
effects of disturbances and modeling errors. The filtering gain of the SVSF forces the state estimation to converge
within the boundaries of the true state trajectory.

SVSF has been successfully applied in various fields, including fault diagnosis [31], control systems [32] , and
tracking applications [33].

3. Data-Driven Bayesian Filtering

Deep learning is a branch of machine learning within the field of artificial intelligence (AI), with its core
concept being the use of multi-layer neural networks (i.e., deep neural networks) to learn and represent complex
patterns in data [34,35]. The key advantage of deep learning is its ability to automatically extract features from raw
data without the need for manual feature design [36]. In research combining deep learning with filtering techniques,
Recurrent Neural Networks (RNNs) [37], known for their powerful sequence data processing capabilities, are
particularly suitable for filtering tasks. Traditional filtering methods, such as KF and PF, are typically used for state
estimation in dynamic systems. However, deep learning, by incorporating neural networks—especially RNNs and
their variants such as LSTM (Long Short-Term Memory) [38] and GRU (Gated Recurrent Units) [39]—can handle
more complex temporal data, and when combined with filtering techniques, it provides enhanced modeling and
estimation capabilities.
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3.1. Hierarchical Overlay Strategy of Deep Learning and Bayesian Filtering

In the early applications of deep learning combined with Bayesian filtering, researchers primarily adopted a
layered integration of deep learning and KF, leveraging the state estimation capability of filters and the classification
ability of deep learning separately. This integration typically followed three main architectures, as illustrated in
Figure 1, with primary applications in fields such as fault diagnosis [18].

Original Dataset Denoising Classifier

EKF ROSVM/NN

u(k),z(k) —— RS Classifier

z(k) ——@Etiukiu; Optimizer

CNN AKF

Figure 1. Three common patterns of simple integration between deep learning and Bayesian filtering, where w(¢)
represents the control signal and z(t) denotes the measurement.

In [18], a hybrid fault diagnosis method is proposed, which uses KF for fault detection. The method estimates
the system’s state (such as blade angle and valve position) and calculates residuals to identify faults. The state
parameters generated by the KF, along with the system’s input-output signals, are then fed into an artificial neural
network [40] for fault classification. The neural network learns fault patterns through training and validation,
enabling high-precision fault type identification. This approach combines the real-time capability of KF with the
nonlinear classification ability of artificial neural networks, offering good robustness and accuracy in complex
dynamic systems.

Ref. [41] proposes a hybrid fault detection method that combines EKF and Recursive One-class Support
Vector Machine (ROSVM). Specifically, EKF serves as a preprocessing module, converting time-series data into
parameter vectors, filtering noise, and making the data more suitable for classification. Then, ROSVM generates a
boundary in high-dimensional space and recursively absorbs new normal data samples, continuously optimizing
the classification model to detect anomalous data (i.e., faults). This method fully leverages the statistical modeling
capability of EKF and the strong classification performance of ROSVM, making it particularly suitable for online
fault detection of progressively deteriorating systems, significantly reducing the number of sensors required while
ensuring a high detection rate.

When using Convolutional Neural Networks (CNN) for state estimation, data anomalies can cause errors to
amplify layer by layer [42], with the anomalies reflecting in the final prediction results, leading to larger errors.
Additionally, overfitting during neural network training can result in poor model generalization and robustness [43,44],
both of which negatively affect estimation accuracy. To reduce estimation errors, Res. [45] proposed the use of
adaptive KF to optimize the neural network’s estimation results, addressing the limitations of CNN.

Currently, this hybrid combination has wide applications in recognition and tracking tasks, such as smoke
detection [46], kinematics estimation [47], and traffic flow prediction [48].

3.2. Training Neural Networks Using Bayesian Filtering

The construction of deep learning models relies on the network’s weights [49]. However, the loss function
of the neurons within the neural network grows exponentially with depth, often leading to convergence at local
minima [50]. Additionally, the weight parameters have limited adaptability [51] to dynamic and long-term features
in pattern recognition tasks. From the perspective of estimation theory [52], the KF is a feasible alternative for
training robust neural networks and has demonstrated advantages over traditional backpropagation [53] methods. As
a result, researchers have introduced Bayesian filtering to update layer parameters in deep neural networks, as shown
in Figure 2. The effectiveness of Bayesian filter-assisted deep neural networks in capturing tracking ability lies in its
ability to capture the first two moments (mean and variance) of the posterior distribution of random variables.
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Same layer

Input

feature Output

Filtering algorithms

Figure 2. Framework diagram of training deep neural networks using filtering algorithms, where W represents the weights.

In [54], minimum UKF provides powerful nonlinear tracking capabilities, enabling the adjustment of weights
and biases in the Deep Belief Network to adapt to new conditions. This dynamic adjustment capability allows
the model to respond to key parameter changes during the bearing degradation process in fault diagnosis, thereby
improving the accuracy and adaptability of the diagnosis.

Ref. [55] adopts a dual optimization strategy by combining Cubic Kalman Filtering (CKF) with Multi-Layer
Perceptron (MLP) and Radial Basis Function (RBF) neural networks. The former optimizes the MLP weights
to adapt to dynamic changes, while the latter compensates for filtering errors. This significantly improves the
positioning accuracy and robustness of the navigation system in the case of GPS failure. These methods enhance
the system’s real-time performance, accuracy, and the versatility of its application scenarios by integrating statistical
modeling with machine learning techniques.

Ref. [56] proposes a new resilient control strategy to maintain the stability and performance of a multi-area
load frequency control system under the threat of FDIA (False Data Injection Attacks). In [57], the decoupled EKF
algorithm used for training neural networks is applied to image classification in deep convolutional neural networks.
The decoupled EKF algorithm offers advantages over the popular Adam optimizer, especially in challenging
classification tasks. Fully Decoupled EKF, a second-order algorithm, has a higher probability of finding the global
optimum, leading to faster convergence and higher accuracy.

3.3. Learning SSM Parameters Based on Deep Learning

State-space models are core tools in control systems for characterizing dynamic behavior, playing a vital role
in both system analysis and control design. In classical control theory, they provide a comprehensive representation
of the internal state evolution and the input—output relationships of a system, forming the foundation for modern
controller design methods such as state feedback and Kalman filtering. However, in practical applications, parameter
identification—that is, determining model parameters from experimental data—has long been a highly challenging
task. Traditional identification methods, such as least squares, maximum likelihood estimation, and subspace
identification, often require prior assumptions about the model’s structure and order, and rely heavily on manual trial-
and-error. For highly nonlinear, time-varying, or high-dimensional complex systems, these approaches frequently
fall short: inaccurate model assumptions may lead to significant deviations, while improper order selection can
result in underfitting or overfitting. As the complexity of real-world systems continues to increase, traditional
identification techniques face severe challenges in modeling accuracy and scalability, making it difficult to fully
uncover the latent dynamic patterns hidden in data.

In contrast to classical models based on prior assumptions, deep neural networks depend less on prior
model knowledge and can approximate system dynamics within a broader function space. Leveraging the flexible
parameterization capability of deep learning, it becomes possible to expand the range of candidate models and
capture the hidden properties of complex systems with greater accuracy. Compared with state estimation methods
purely based on deep learning, state-space models (SSMs) [58,59] are capable of constructing parameterized models
and providing explicit transition relations to describe the evolution of system states. A representative example is the
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Kalman filter (KF), a model-driven state estimator based on Bayesian principles, which realizes state prediction and
update through a prediction—correction mechanism.

Against this backdrop, recent studies have explored the use of deep neural networks to learn SSM parameters,
including the state transition model, observation model, and noise statistics [60] (as illustrated in Figure 3). When
using deep learning to learn the parameters of SSM, neural networks are typically used to learn a probability
distribution, with the parameters of the SSM being sampled from this distribution. Deep learning can automatically
learn the complex patterns in data through neural networks, without relying on the model structures that need to be
assumed in traditional system identification. It is suitable for handling complex dynamic systems that are often
difficult to model using traditional methods. Compared with traditional methods, deep learning not only enables
efficient modeling of high-dimensional complex systems or systems with incomplete models, but also eliminates the
need for manual feature extraction. Furthermore, it demonstrates strong generalization ability, thereby improving
the accuracy of state estimation [20] and opening new possibilities for modeling and control of complex systems.

Predict Update

-1 -1 ——— I SN _

—1| -1 | —1 > |

N_— Optimize
Prediction network — Observation network < Supervised learning <—

1 |

Figure 3. Framework diagram of learning SSM parameters using deep learning.

Currently, deep learning-based filtering parameter learning has achieved success in various fields, including
noise estimation [61] , harmonic current compensation [62], visual odometry [63], and camera pose estimation [64].

Ref. [65] proposed a robust Kalman filter (RKF) method that combines the heavy-tailed distribution RKF
framework with deep learning techniques, eliminating the need for precise parameter estimation of noise models.
By estimating the mixing parameters and scale matrix using neural network structures, it reduces the variational
Bayesian approximation error. Additionally, the unsupervised scheduled sampling (USS) method is introduced to
stabilize the training process. RKFNet demonstrates higher estimation accuracy and efficiency under heavy-tailed
noise compared to traditional RKFs and recurrent neural networks (RNNs).

The main research challenge lies in how to perform effective estimation when the dimensions of the observation
data and the state are inconsistent.

3.4. Data-Driven Kalman Gain Learning

The essence of the Kalman Gain lies in balancing the uncertainties between the predicted value and the
observed value, determining which side to rely on more when updating the state estimate [64,660]. It reflects the
relative credibility between the predicted value (provided by the dynamic model) and the observed value (measured
by sensors) at the current time step [67].

The Kalman Gain is a critical parameter in the update step of the KF, adjusting the weights of the predicted value
and the observed value based on the ratio of process noise (Q) to observation noise (R). When the uncertainty in the
predictive model is high (higher process noise), the Kalman Gain increases, relying more on the observations [68].
Conversely, when the observation noise is higher, the gain decreases, placing more weight on the predictions. This
mechanism ensures the optimality of state estimation by minimizing estimation errors.

However, in state estimation problems where model parameters are uncertain or partially known, explicitly
computing the Kalman Gain can be challenging [69,70]. The advantage of leveraging deep learning for Kalman
Gain computation lies in its ability to adaptively optimize the gain through learning from large datasets, overcoming
the strict assumptions on process and observation noise covariance matrices in traditional KF. Deep learning
models reduce dependency on manual parameter tuning and improve the efficiency and accuracy of Kalman Gain
computation through an end-to-end training process, especially in environments with incomplete model knowledge.
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Revach [19] innovatively proposed KalmanNet, a hybrid system combining Recurrent Neural Networks
(RNNs) with the traditional KF for real-time state estimation. As shown in Figure 4, KalmanNet is designed to
handle dynamic systems well-represented by linear Gaussian state-space (SS) models, particularly when model
parameters are partially known (model mismatch) or involve nonlinear dynamics. The computational complexity of
KalmanNet scales linearly with the RNN’s dimensionality and does not involve matrix inversion, making it suitable
for high-dimensional state-space models and devices with limited computational resources.

z! 10— h() -

C
0
©

RNN

Figure 4. KalmanNet block diagram.

However, KalmanNet does not fully exploit the model-based structure when computing the Kalman gain,
leading to performance degradation in state estimation when mismatched state and measurement models coexist. To
address this, Choi [71] proposed Split-KalmanNet, which employs two parallel Deep Neural Networks to train the
prior state estimate and the innovation covariance matrix. This algorithm leverages the structural computation of
Kalman gain within the standard KF framework, enabling the DNN-trained Kalman gain to better align with the
model-based Kalman gain in practice. To address the inflexibility of neural network architectures and the scarcity
of training data, Ref. [72] proposed a model-agnostic meta-learning—based neural network-assisted Kalman filter,
which can quickly adapt to model changes with only a small amount of data, thus avoiding retraining.

Inspired by recent advancements in the fine-tuning paradigm of large language models, Revach [73] proposed
Adaptive KalmanNet, which employs a compact hypernetwork to generate context-dependent modulation weights.
This approach allows the model to adapt to changes in the SSM without the need for retraining. Ref. [74] proposed a
new method called Bayesian KalmanNet, which combines Bayesian deep learning techniques with KalmanNet. By
using sampling techniques, it predicts the error covariance without requiring additional domain knowledge, thereby
maintaining accurate and reliable tracking performance in partially known dynamic systems.

KalmanNet is one of the most successful learning-based filtering methods to date. It has already been applied
in practical scenarios such as integrated navigation [75] and autonomous driving [76].

4. Conclusions and Outlook

The integration of deep learning and Bayesian filtering, as a frontier direction in modern artificial intelligence and
signal processing, has been applied in areas such as noise suppression [77], target tracking [78], robot localization [79],
and workload prediction [80].

4.1. Conclusions

This paper explored the current state of research on the integration of Bayesian filtering and deep learning,
emphasizing the complementary advantages of both approaches. Bayesian filtering, as a classical state estimation
method, offers the ability to quantify uncertainty through probabilistic reasoning, while deep learning, with its
powerful nonlinear modeling capabilities and automatic feature extraction abilities, effectively addresses unknown
dynamics in complex systems. In particular, the fusion of KF’s powerful estimation capabilities and deep learning’s
adaptive learning abilities provides new perspectives for tasks such as modeling [81], control, and prediction [82] of
complex systems. As system models are becoming increasingly large and complex [83], the future development of
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integrating deep learning with Bayesian filtering should focus on the interpretability of deep learning [84] models
and include some degree of fault-tolerant estimation [85] capabilities.

In the comparison of optimality and application differences, the optimality of the Kalman filter refers to
minimizing the mean squared error and covariance matrix under the conditions of a known linear model and
Gaussian noise, providing a theoretically optimal solution. In deep learning, optimality is achieved by optimizing
a loss function in a data-driven manner, without relying on an exact model or assumptions. Its optimality is
more empirical. Kalman filtering provides an optimal solution based on theoretical guarantees, while deep
learning achieves robust solutions through data-driven learning. Currently, data-driven approaches cannot guarantee
optimality or convergence and are seen as an alternative for filtering in complex systems, optimizing the weights
of the Kalman gain network via a loss function (estimation error). Although neural networks are powerful, many
common deep learning methods (such as standard feedforward neural networks) do not automatically provide
uncertainty quantification like covariance matrices. These methods typically output a deterministic prediction
without considering the uncertainty of the output. Therefore, when deep learning models are directly used as
alternatives or supplements to Bayesian filtering, they may lack the inherent uncertainty quantification of Bayesian
filtering and cannot guarantee an optimal analytical solution. Between hybrid estimation and pure deep learning
estimation, there are differences in applicable scenarios and computational complexity, and the optimality cannot
guarantee which is superior.

4.2. Outlook
4.2.1. Complex System Filtering

As systems become increasingly complex (high-dimensional and strongly nonlinear) [86] and exhibit high
coupling of internal parameters, state estimation faces new challenges [87]. In high-dimensional systems, traditional
filtering methods often struggle to effectively handle the complexity of the state space. Therefore, using Autoen-
coders [88] for dimensionality reduction and feature extraction has emerged as an effective solution. Autoencoders
can automatically learn low-dimensional latent representations from high-dimensional data, which capture the core
information of the system more effectively and provide useful inputs for Bayesian filtering. This approach not only
reduces computational load but also enhances the performance of Bayesian filtering in high-dimensional systems.

On the other hand, for the high coupling of internal parameters, Decoupling Representation Learning [89]
offers a potential solution. This technique aims to decompose complex coupled systems into multiple independent
subsystems or factors through learning, thereby reducing the interactions between parameters and simplifying
system modeling.

4.2.2. Interpretable Hybrid Filtering Methods

Deep learning models, especially those based on neural networks, are often considered black-box models due
to their lack of interpretability [90]. Although deep neural networks perform exceptionally well in many tasks, their
internal mechanisms are difficult to understand and analyze [91]. On the other hand, Bayesian filtering provides a
probability-based reasoning framework that allows each step of the state estimation to be clearly interpreted. In
complex systems, deep learning can significantly improve filtering accuracy by constructing intricate nonlinear
models, but this complexity often results in a loss of interpretability. Deep neural networks fit data by utilizing a
large number of parameters and layers, which makes their predictions highly accurate, but these internal processes
are difficult for humans to comprehend.

Traditional Bayesian filtering methods and similar techniques typically have better interpretability, but their
expressiveness and accuracy may not be sufficient to handle highly complex and nonlinear systems. To improve
accuracy, more complex models such as deep learning may need to be introduced, but this could come at the cost of
losing some interpretability.

It is necessary to develop explainable hybrid filtering methods. Currently, Kolmogorov—Arnold Networks
(KAN) [92,93] emerge as a powerful deep learning architecture with high interpretability, which can be integrated
with Bayesian filtering to provide enhanced interpretability and overcome the black-box problem commonly
associated with deep learning. KAN, by their design, offer a structured way to represent complex nonlinear systems
while maintaining transparency in their decision-making process, making them an attractive option for improving
the interpretability of hybrid filtering models. When combined with Bayesian filtering, which inherently supports
probabilistic reasoning and model transparency, this approach allows for better interpretability of the overall system,
ensuring that both the predictive power of deep learning and the clear reasoning of Bayesian methods are preserved.
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4.2.3. Fault-Tolerant Filtering

In real-world applications, system [94] or sensor failures [95] are inevitable. Ensuring the stability and
accuracy of the filter when a system fault or anomaly occurs is a key research direction. Bayesian filtering, with
its probabilistic reasoning and adaptive mechanisms, can effectively handle situations where some sensors fail or
the model is inaccurate. However, deep learning typically requires large amounts of high-quality data for training
and is sensitive to noise and anomalies. Therefore, integrating deep learning with Bayesian filtering to enhance the
system’s fault tolerance is an important research challenge.

Deep learning models can automatically adjust parameters or gains through training without the need for a
completely accurate system model. This approach is particularly suitable for scenarios where the system model
is unknown or uncertain. By learning the relationship between input data and system output, deep learning can
effectively identify and estimate the system’s state, providing more accurate results even in cases where traditional
methods fail to deliver precise estimates due to model errors or mismatches.

In the field of fault-tolerant filtering for distributed state estimation, deep learning models can analyze sensor
data to determine whether the data follows normal patterns. If a significant deviation is detected between the output
of one sensor and those of others, the sensor is deemed to have a potential fault, and its data can be isolated.
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