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Abstract—Accurately estimating the real-time state of dynamic
systems from noisy measurements is a fundamental task in
signal processing. State-space models (SSMs) are commonly
utilized to model system dynamics and account for uncertainty
in both system state evolution and measurement data. Kalman
filter (KF) and its variants are widely recognized for their low
computational complexity and ability to address state evolution
and measurement update. In practice, accurately modeling the
system dynamics and obtaining model parameters are difficult,
especially for nonlinear systems. These tasks often require pre-
defined motion and measurement models that rely on coarse
approximations and extensive manual tuning. In this article,
we propose the deep-Learning-aided Kalman filter (DL-KF),
a robust deep-learning-aided KF designed to perform KF in
nonlinear dynamic environments where the process model is
unavailable, and the system noise is also unknown. However,
a linear measurement model is assumed. DL-KF utilizes a
long short-term memory (LSTM) network to capture nonlinear
process dynamics and generate state priors from historical
measurements. Additionally, a gated recurrent unit (GRU) is
utilized to independently learn innovation covariance, addressing
measurement noise uncertainty, followed by the computation
of the Kalman gain within the KF framework. By integrating
an SSM framework with deep learning modules, the proposed
method strikes the balance between the flexibility of a data-driven
approach and the interpretability of classical Kalman-based
approaches. Empirical results demonstrate that DL-KF signif-
icantly outperforms traditional model-based filters, including the
KF, extended KF (EKF), and unscented KF (UKF). Furthermore,
it surpasses state-of-the-art (SOTA) hybrid methods such as
KalmanNet, Split-KalmanNet, and adaptive KalmanNet (AKNet),
particularly in challenging scenarios involving high nonlinearity
(e.g., the Lorenz attractor) and maneuver-induced model mis-
matches. The algorithm’s efficacy and robustness are further
validated through extensive experiments on real-world tunnel
radar and the University of Michigan north campus long-term
(NCLT) datasets.

Index Terms—Deep learning, Kalman filters (KFs), recurrent
neural network (RNN), state-space model (SSM).
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I. INTRODUCTION

UTONOMOUS driving systems in global navigation

satellite system (GNSS)-degraded environments such as
long tunnels and severe occlusions require real-time vehicle
tracking and localization using heterogeneous sensors (e.g.,
inertial, odometry, and radar/vision) [1], [2], [3]. In these
deployments, the estimation problem is inherently nonlinear,
and measurements are not always reliable. Multipath and
non-line-of-sight (NLOS) reflections can introduce biased and
time-varying measurement errors, and occlusions may cause
intermittent observations [2]. Meanwhile, traffic maneuvers
such as lane changes, stop-and-go motion, and grade-induced
accelerations frequently violate simplified motion models,
including constant velocity (CV), constant acceleration (CA),
and coordinated turn (CT), leading to model mismatch. Recur-
sive Bayesian filters are attractive for their efficiency, and
the Kalman filter (KF) is optimal for linear-Gaussian sys-
tems. Nonlinear variants, including the extended KF (EKF)
[4], sigma-point filters such as the unscented KF (UKF) [5]
and the cubature KF (CKF) [6], and particle filters (PFs)
[7], extend KF to nonlinear settings. However, when non-
linearity, model mismatch, and nonstationary noise coexist,
these model-based filters may improperly weight prediction
and measurement updates, causing error spikes, oscillations,
or even divergence. This motivates a robust yet efficient
recursive estimator that remains reliable under nonlinear
dynamics, mismatched models, and time-varying measurement
uncertainty.

Filtering-based solutions rely on an explicit state-space
model (SSM) and require accurate noise statistics to compute
filter gains [8], [9]. In tunnel and occlusion-prone driving,
these prerequisites are difficult to satisfy. Noise covariances
drift with multipath, NLOS, and sensing degradation, and
manual tuning is rarely stable across operating conditions.
Adaptive KF attempts to reduce this sensitivity by updating
covariance or noise parameters online using innovations [3],
[10]. Two representative approaches highlight both their utility
and limitations. The Sage-Husa (SH) adaptive KF is widely
used, but the estimated process and measurement noise covari-
ances may lose semipositive definiteness during operation
[11]. It is also difficult for SH to reliably estimate both covari-
ances simultaneously. This is because accurate estimation of
one typically requires the other to be known [12]. Variational
Bayesian adaptive filters provide a principled route to joint
uncertainty estimation, but they typically incur higher compu-
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TABLE I
COMPARISON OF DEEP LEARNING-ASSISTED KALMAN FILTERING AND RELATED LEARNING-BASED ESTIMATORS
Method Learned component  Requires known SSM?  Handles unknown noise?  Interpretability
DeepMTT [18] End-to-end mapping No Implicit Low
Transformer-based [17], [19]  End-to-end mapping No Implicit Low
Transformer—KF Kalman gain Partial Partially Medium
KalmanNet [20] Kalman gain Partial Partially Medium
Split-KalmanNet [21] Covariance learning Partial Yes High
MAML-KalmanNet [22] Kalman gain Partial Partially Medium
Latent-KalmanNet [23] Kalman gain Partial Partially Medium
AKNet [15] Kalman gain Partial Yes Medium
DL-KF (ours) State prediction and Partial Yes High

covariance learning

tational cost due to iterative posterior updates [13]. Beyond
noise adaptation, the interacting multiple model (IMM) filter
is widely employed to handle unknown motion patterns.
It mixes multiple candidate models, improving robustness
under maneuvers such as rapid acceleration and turning [14].
These filtering-based approaches are grounded in rigorous
theory. However, they still rely on accurate dynamic mod-
els and simplifying assumptions, and their performance can
degrade in the presence of model mismatch and time-varying
noise.

In recent years, deep learning-based methods have grad-
vally achieved empirical success in real-world applications
[15]. By using end-to-end data-driven neural networks, these
methods reduce reliance on precise mathematical descriptions
of system dynamics and assumed noise distributions. This
alleviates performance degradation in traditional filter-based
methods caused by model-assumption deviations and inaccu-
rate noise statistics. Considerable efforts have been devoted
to sequential estimation using recurrent and attention-based
architectures. Recurrent neural networks (RNNs) have been
used to capture temporal dependencies in nonlinear processes
[16], while attention mechanisms and Transformer models
provide a more flexible way to aggregate long-range context
under complex observation conditions [17]. Representative
examples include DeepMTT, which learns maneuvering target
motion from diverse observations for civil airport surveillance
[18], and Transformer-based estimators explored for multitar-
get tracking and filtering-style inference [19]. However, these
end-to-end approaches are often regarded as uninterpretable
models because they learn statistical mappings without explicit
physical structure. This limits their interpretability and gener-
alization, and can increase sensitivity to shifts in dynamics or
noise conditions.

The limitations of both filtering-based and deep learning-
based methods have motivated the development of hybrid
approaches. By combining the interpretability of filtering with
the model-free nature of deep learning, these methods achieve
superior performance. A recent advancement in this field is
KalmanNet [20], which embeds a neural network into the KF
recursion. By learning a gain-related mapping, it improves
robustness under partial nonlinearity and imperfect model-
ing. Following this idea, Split-KalmanNet [21] introduces a
split-structure recurrent architecture. It learns the prior-error
and innovation covariances separately and then computes the
Kalman gain, which is effective under heterogeneous model
mismatch. Beyond gain-centric learning, MAML-KalmanNet
incorporates model-agnostic meta-learning to enable fast

adaptation across varying SSMs on limited task-specific
data [22]. Latent-KalmanNet adds a representation module
to compress high-dimensional observations into a compact
latent space before filtering, reducing the burden of speci-
fying complex measurement models [23]. To better handle
time-varying and non-Gaussian noise, adaptive KalmanNet
(AKNet) uses a hypernetwork modulated by the state of
the world (SoW). This allows it to adjust network behav-
ior across environments without retraining [15]. Recently,
attention-based architectures have also been coupled with
Kalman-style recursion, for example, by using Transformers
to learn Kalman gain updates or by analyzing structural con-
nections between Transformer inference and Kalman filtering
[24], [25]. These developments reflect an increasing interest
in combining sequence modeling with recursive Bayesian
estimation.

It is worth noting that most KalmanNet-style methods
embed recurrent networks into the Kalman recursion to learn
gain-related updates. However, they still rely on a predefined
first-order Markov state-transition model for prediction, which
becomes a structural bottleneck under maneuvering, nonlinear,
or partially unknown dynamics. These methods assume that
the state-transition matrix is known. In real-world scenarios,
this assumption often fails. Abrupt accelerations, sharp turns,
and other maneuvers make state transitions highly nonlinear
and unpredictable. Compounding these modeling limitations,
sensing conditions in environments like tunnels are plagued
by multipath effects and intermittent visibility. These fac-
tors cause process and measurement uncertainties to drift
synchronously and nonstationarily, destabilizing the balance
between prediction and observation. While Split-KalmanNet
alleviates heterogeneous mismatch by decoupling covariance
learning, it still necessitates explicit Jacobian matrices for both
state-transition and measurement functions. This requirement
is often unreliable when the measurement model is complex or
the CV assumption is violated during maneuvers. Such situa-
tions can lead to significant linearization errors. Furthermore,
while Transformer-based KalmanNet-style variants offer supe-
rior sequence modeling, their computational overhead and lack
of interpretability remain concerns. Their reliance on exten-
sive supervised training also risks performance degradation
with sparse ground-truth data. These observations motivate a
lightweight yet robust hybrid design that can explicitly handle
unknown or mismatched dynamics and time-varying noise
within an interpretable recursive framework. To clarify the
positioning, Table I summarizes representative learning-based
and hybrid methods and contrasts them with deep-Learning-
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aided Kalman filter (DL-KF) in terms of learned components,
assumed knowledge, robustness, and training paradigm.

In this work, we propose DL-KF, a deep-learning-aided
Kalman filtering framework for nonlinear state estimation
under unknown or mismatched dynamics and uncertain, time-
varying noise. DL-KF retains the recursive structure of the
KF while removing the need for an explicit linear state-
transition model and calibrated noise statistics. Specifically, a
long short-term memory (LSTM) network is used to generate
the state prediction from measurement histories, providing a
model-free alternative to the handcrafted motion model and
improving robustness to maneuver-induced model mismatch.
A gated recurrent unit (GRU) network is used to learn the
innovation covariance online, enabling adaptive uncertainty
modeling when measurement noise is nonstationary. The
Kalman gain is then computed analytically within the KF
recursion using the learned covariance information, which
preserves interpretability and computational efficiency. Com-
pared with KalmanNet-style gain-learning methods, DL-KF
separates prediction learning and uncertainty learning and
explicitly targets the joint presence of model mismatch and
unknown noise within a principled recursive update. The
novelty and major contributions of this article are summarized
as follows.

1) Model-Free State Prediction Within Kalman Recur-
sion: To mitigate maneuver-induced model mismatch
in GNSS-degraded tunnels and occlusion-prone driv-
ing, DL-KF replaces the handcrafted first-order Markov
state-transition prediction with an LSTM-based predic-
tor driven by measurement histories, while retaining
the Kalman update structure. This design removes the
reliance on handcrafted motion equations in the pre-
diction stage and reduces sensitivity to process-model
mismatch, especially under nonlinear or higher order
maneuvers.

2) Decoupled Dynamics-Uncertainty Learning for Stable
Gain Computation: To handle nonstationary measure-
ment uncertainty caused by multipath, NLOS, and
intermittent observations, DL-KF decouples prediction
learning and uncertainty learning. An LSTM learns
the state evolution for prediction, and a GRU learns
the innovation covariance online. The Kalman gain is
then computed analytically using the learned covariance
terms, which preserves interpretability and avoids end-
to-end gain black-boxing.

3) Comprehensive Evaluation on Synthetic and Real-World
Data: To verify robustness in nonlinear systems with
model mismatch and nonstationary noise, we evalu-
ate DL-KF on both synthetic setups and real-world
datasets. We benchmark DL-KF against classical model-
based filters, KalmanNet-style methods (including their
variants), and recent state-of-the-art (SOTA) learning-
assisted/hybrid filters. The results show that DL-KF
achieves consistently lower mean-squared error (mse),
demonstrating improved accuracy and stability under
mismatched dynamics and time-varying measurement
uncertainty.
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The rest of this article is structured as follows. Section II
introduces the SSM and problem formulation. Section III
presents the proposed method. Section IV describes the empir-
ical experimental evaluation. Section V concludes this article
with a discussion of future work.

II. SYSTEM MODEL AND PRELIMINARIES

In this section, we introduce the system model and prelim-
inaries for deriving DL-KF in Section III. We first formulate
the problem in Section II-A. Next, we review the Kalman-
Net architecture and its limitations for the tracking scenario.
Finally, we outline DL-KF’ s innovations and workflow.

A. Problem Formulation

We consider discrete-time state estimation from sequential
measurements. Let x; € R”™ denote the latent state at time
step k, and let z; € R" denote the corresponding measurement.
The system evolves according to an a priori unknown and
potentially nonlinear dynamics model

X = f (1) + vk )]

where f(-) is an unknown state-transition function and vy
denotes the process noise. The measurement process is
described by a known linear observation model

Zx = Hyxp + wy 2

where the observation matrix H; is known and may be
time-varying, and wy denotes the measurement noise. This for-
mulation covers practical tracking and fusion pipelines, where
the observation operator is determined by sensor calibration
and geometry.

Given the sequence of measurements up to time step k,
denoted by zix = {z1,...,z}, the goal is to compute the
minimum mean-squared error (mmse) estimate x; of x; given
z1.1. Classical KF achieves this objective when the SSM and
noise statistics are correctly specified. In our setting, these
prerequisites are not available, and the estimator must remain
reliable in the presence of multiple simultaneous sources of
uncertainty. Specifically, a robust estimator must address three
challenges.

1) Unknown Dynamics and Model Bias: The state-transition
process f(-) is unknown and may deviate from simplified first-
order Markov assumptions. In practice, prediction is often built
on handcrafted kinematic models or local linear approxima-
tions. When the true dynamics are nonlinear or time-varying,
such approximations can introduce systematic prediction bias,
which then propagates through the recursion and degrades the
overall estimation accuracy.

2) Unknown and Time-Varying Noise Statistics: The second-
order statistics of the noise are not assumed known and can
vary over time. The second-order behavior of the process noise
and the measurement noise governs the relative weighting
between prediction and update through the filter gain. If this
weighting is not calibrated to the current uncertainty level, the
recursion can exhibit estimation lag, oscillatory corrections, or
even divergence.
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3) Coupled Noise Uncertainty and Model Mismatch: Model
mismatch and nonstationary noise typically co-occur in prac-
tice, and their effects are coupled in the recursion. Dynamics
mismatch primarily corrupts the prediction step, while noise
mismatch primarily distorts gain computation and update
weighting. When both are present, directly learning a single
end-to-end gain mapping can become ill-conditioned. This is
because the influences of process uncertainty and measurement
uncertainty are entangled. This motivates the need for an esti-
mator that preserves the recursive structure but can decouple
the learning of prediction and uncertainty in a principled way.

To clarify the scope, we assume that the measurement model
is linear and that Hj is available. The proposed method is,
therefore, not intended for settings with unknown observation
operators or fully unknown measurement functions. We further
assume v, and wy are zero-mean, mutually independent, and
independent of the initial state. We do not require their exact
distributions to be known. Instead, we target the practically
dominant uncertainty arising from unknown or drifting second-
order statistics that affect recursive weighting. Under these
assumptions, the problem addressed in this work is to design
an efficient recursive estimator that can accurately infer x;
from z;.; when the dynamics f(-) are unknown or mismatched
and potentially nonlinear, and when the uncertainty level is
unknown and time-varying.

B. Preliminaries: KalmanNet

In model-based KFs, the accuracy of the SSMs directly
determines the filtering performance. Challenges 1-3 notably
limit the applicability of the KF for the setting. When the
distributions of process or measurement noise are unknown,
approximate methods or adaptive filtering techniques are
typically employed to estimate the noise statistics [8], [26].
However, such approaches often compromise state estimation
accuracy and increase the risk of filter divergence. To address
this issue, KalmanNet [20] introduced an enhanced Kalman
filtering framework that incorporates neural networks. This
architecture is designed to leverage data to tackle Challenge 1
(but not Challenges 2 and 3). Its core idea is that the uncer-
tainty arising from noise statistics is primarily reflected in the
computation of the Kalman gain. Consequently, KalmanNet
employs a GRU-based neural network module to estimate the
Kalman gain in a data-driven manner. The input features to
the neural network are designed to capture statistical prop-
erties of the process and measurement noise. For example,
these features can be chosen as the innovation difference

AZr = z — Zp—1 and the forward evolution difference
A%y = X — Xgk-1- A mapping function ge(-), defined by

trainable parameters 0, is used to transform these input features
into the Kalman gain, enabling a data-driven estimation

K (6) = 8o (AXk—1, AZp) . 3

The measurement update step in KalmanNet is performed
using this learned Kalman gain matrix K(6). Apart from this
modification, the remaining filtering procedure is consistent
with the standard KF. The key distinction lies in the fact that
the state estimate is updated using the learned gain rather than
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the analytically derived one. Thus, the state update equation
becomes

S = Fepe—1 + K (0) (2% — Zupe—1) - 4

Although the KalmanNet architecture proposed in [20] is
capable of learning from data to address Challenge 1, it is not
well-suited for application in settings subject to Challenges
2 and 3. Specifically, this deep neural network (DNN)-aided
KF algorithm eliminates the need for prior knowledge of the
process and measurement noise covariance matrices. These
matrices are learned implicitly from data during Kalman
gain computation, thereby mitigating the effects of statis-
tical model mismatch compared to traditional model-based
KF. Furthermore, the algorithm simplifies both the state and
time update steps by circumventing the need to compute a
prior covariance matrices Py—; and innovation covariance
matrices S k1. However, this joint learning approach for the
Kalman gain may result in performance degradation when
the mismatch effect of one noise covariance dominates the
other. For example, a significant error in estimating R; can
impede accurate learning of Q. Moreover, the state-evolution
function f(-) may be mismatched, as it is derived from a
first-order linear approximation of complex physical dynamics.
This simplification struggles to accurately capture maneuvers
or higher order nonlinear behaviors. While KalmanNet and
its variants focus on refining the measurement update process,
they assume that the prediction process is accurate and reliable.
They largely rely on the assumption that the state-transition
matrix is either known or can be approximated as constant. In
practice, this assumption breaks down when the target under-
goes unpredictable, nonlinear maneuvers such as acceleration,
deceleration, or sharp turns. The use of a CV assumption or its
approximation results in large prediction errors, significantly
degrading the overall filter performance.

The flowchart of the proposed DL-KF is illustrated in Fig. 1.
It is well-known that the Kalman gain can be expressed as
K, = Pk|k,1HkTS ,:‘,1_1, and the Kalman gain matrix is computed
from three components: 1) the prior state covariance matrix
Pyi-1; 2) the Jacobian of the measurement function Hy; and
3) the inverse of the innovation covariance matrix S,;I,'{_l. The
first term Py is a function of both Q) and the state-transition
matrix Fy—1, while the last term S l:lllc—l depends on the second-
order statistics of the measurement noise R;. When mismatch
in O and Ry is simultaneously present, an end-to-end learning
model such as KalmanNet may lack robustness, as the directly
parameterized gain K(6) cannot disentangle the distinct mis-
match effects originating from Q; and Rj. To address this,
we leverage the statistical independence between process and
measurement noise, together with the model-based structural
knowledge embedded in the Kalman gain calculation. In our
method, neural networks are trained to separately approximate
S k-1 and Pyy_1, which are subsequently used to compute the
Kalman gain following the classical model-based formulation.
Moreover, KalmanNet requires access to f(-), which is not
analytically specified here. This observation motivates the
development of a learning structure that separately estimates
the parameters required for computing the Kalman gain matrix,
which is then determined using model-based Kalman filtering
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Input z,— z,_4
Zr— Zgjk-1

Input
Measurements Zz;.;_4

LSTM-based state GRU-based innovation
prediction module covariance module

l l

Obtain the learned state Xy, Obtain the learned
and covariance Py ;_q innovation covariance Sy;_4

| |
!

Compute gain
Ky= Pug1 Hi Sy q

Compute state estimation

pjk= Fpe—a + K(Zn— Zip—1)

Fig. 1. Overall flowchart of the proposed DL-KF framework. The LSTM-
based state prediction module processes historical measurements zj.x—1 to
learn nonlinear dynamics and generate state priors (&1, Pyr—1). Simul-
taneously, the GRU-based innovation covariance module adaptively learns
the innovation covariance S-; from measurement residuals. These data-
driven components are then integrated into the model-based Kalman gain
computation to perform the posterior state update.

principles. In the proposed DL-KF framework, the LSTM
block recurrently processes the input feature sequence and
produces a prior state estimate X-; and its covariance
Py—1 (Section ITI-C). Next, the measurement prediction mod-
ule uses a GRU block to learn the innovation covariance
(Section III-D). Finally, we compute the Kalman gain by
combining the learned covariances k-1 and Py following
the model-based KF equations, and subsequently obtain the a
posterior state estimate.

III. DEEP LEARNING-AIDED KF APPROACH
A. Model-Based KF and KalmanNet

We begin by describing the KF framework, which serves
as the foundation for the proposed DL-KF, as detailed in
Section III-B. The KF process can be divided into three
key steps. First, the state prediction module uses the sys-
tem dynamic model to predict the system state. Second, the
measurement prediction module forecasts the next measure-
ment, computes the innovation, and calculates the innovation
covariance matrix. Finally, the measurement update module
updates the system state using the Kalman gain, integrating
the predicted state with the measurement. The output from the
update module—the posterior state and its covariance—serves
as the prior for the subsequent time step.

Accurate covariance estimation during the Kalman filtering
process requires accurate knowledge of the underlying model.
When discrepancies exist between the estimated parameters
and their actual values, performance can degrade significantly.
To tackle the challenges in the state-space modeling, tra-
ditional methods, employed in [8], [27], and [28], include
techniques such as worst-case error minimization and sys-
tem identification, e.g., covariance matrix adaptation and
expectation—maximization algorithms, to estimate the model
parameters. Nevertheless, these approaches frequently face
difficulties when encountering high nonlinearity and model
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mismatch, which can lead to significant performance degra-
dation. An innovative solution, KalmanNet, was proposed in
[20], which integrates a model-based approach with a data-
driven framework designed to learn the Kalman gain. By doing
so, KalmanNet effectively addresses the issues arising from
model mismatches and the challenges of accurately estimat-
ing covariances. However, KalmanNet primarily focuses on
learning a single parameter—the Kalman gain—and cannot
distinguish the effects of model mismatch caused by measure-
ment noise from those caused by process noise. Additionally, it
assumes that the state-transition matrix is known. To overcome
these limitations, we propose a data-assisted filtering algorithm
that separates the learning of the Kalman gain into its con-
stituent components. Specifically, it tackles model mismatch
by directly learning the state prediction process and estimating
the innovation covariance from data, thereby avoiding the need
to estimate these second-order statistical components using a
model-based approach.

DL-KF represents a fundamental structural reformulation
of neural Kalman filtering, rather than a mere incremental
extension of KalmanNet. While KalmanNet maintains a pre-
defined state-transition model and focuses on learning the
Kalman gain, its prediction step remains model-based and
inherently vulnerable to dynamics modeling errors. In contrast,
DL-KF replaces the explicit transition model with an LSTM-
based prior estimator, enabling model-free state prediction
directly from the measurement history. More importantly,
DL-KF restructures the learning objective at the level of
Bayesian components by decoupling dynamics learning and
uncertainty adaptation into separate modules, while preserving
analytical Kalman gain computation. Furthermore, it maintains
the analytical rigor of the Kalman update and enforces numer-
ical stability via Cholesky-parameterized covariance learning.
This componentwise reformulation ensures superior Bayesian
consistency and physical interpretability, fundamentally differ-
entiating DL-KF from end-to-end neural filters.

B. Neural Network Architecture

In this section, we present DL-KF, a hybrid architecture
for real-time state estimation in nonlinear dynamic systems
where both process and measurement covariance matrices
are unknown. The inherent complexity of state estimation,
combined with the absence of prior knowledge, poses signifi-
cant challenges for traditional models. These models struggle
to formulate accurate temporal representations that capture
the intricate relationships within physical systems. Instead of
explicitly defining physical states as those in classical SSMs,
DL-KF adopts a more flexible and adaptive approach. A
block diagram of its inference process is shown in Fig. 2.
At each time step k, an LSTM block recursively processes
the input sequence z;4-; and outputs the predicted state
and its corresponding covariance (detailed in Section III-C).
Subsequently, the measurement prediction process learns the
innovation covariance matrix using a GRU block, as discussed
in Section III-D. Finally, the update step computes the poste-
rior state estimate using the Kalman gain matrix derived from
the learned covariances (Section III-E). This adaptive approach
enhances the model’s ability to capture complex dynamics
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PiajkHiSiciji

Y 0¥9-0d
Y 8%-04

2 — Zkjk-1
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Fig. 2. High-level architecture of the proposed DL-KF framework. The
architecture integrates deep learning with the Kalman filtering principle
through three core components: 1) a neural prediction module (LSTM
block), which bypasses the need for a predefined process model by directly
capturing latent nonlinear dynamics to generate the predicted state %y—; and
state covariance Pyy-1; 2) a measurement prediction module (GRU-based),
which adaptively learns the innovation covariance Si from measurement
residuals to handle nonstationary noise statistics; and 3) a measurement update
module, which calculates the Kalman gain K; and infers the posterior state
using the data-driven priors. This hybrid design ensures stable tracking in
complex environments where both system dynamics and noise parameters are
unavailable.

and enables real-time adjustments based on incoming data,
significantly improving estimation accuracy.

C. LSTM Inference for Prediction

DL-KF is model-free in the sense that it does not assume a
known state-space transition model. During inference, it only
has access to the measurement sequence and the unknown
latent states. To combine data-driven learning with analytical
tractability, DL-KF adopts a prior—posterior system setup. The
prior is learned from data, while the posterior is constrained
by the known linear measurement system.

We consider a latent state x; € R™ and a measurement z; €
R". The measurement model is linear and Gaussian as in (2)

D (xlxx) = N (zx; Hixy, Ry) )

where H; is known. The process dynamics are not specified
by an explicit model. Instead, DL-KF models the unknown
predictive prior distribution p(xi|zz—1) as a Gaussian whose
parameters are produced by an LSTM

P (telzie-1) = N (x5 et (0) , Prgg—r () (6)

where 6 denotes the LSTM parameters. The LSTM recursively
processes the measurement history and outputs the prior
parameters, which we denote collectively by

Yik-1 (0) £ {Kie1 (0) , Pre1 (0)} (7N
V-1 (0) = LSTM (z14-1;6) - 3)

Equivalently, in a causal filtering implementation, the LSTM
updates its hidden state and outputs the prior moments recur-
sively

{fk-1 ©), Prp—r ()} = LSTM (1,241 60) &)

where h;_; is the hidden state summarizing past measurements.
This construction enforces causality and aligns the learned
prior with the recursive structure of Bayesian filtering. A
practical point estimate is the posterior mean X;(6), which
directly connects to mse performance through the posterior
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Fig. 3. Structure of LSTM (based on [29]).

covariance. To ensure analytical well-posedness and numerical
stability of the update, DL-KF enforces positive definiteness of
the learned prior covariance. Specifically, the covariance head
outputs the elements of a Cholesky factor, and Piy—; = LLT.
Here, L is a lower triangular matrix with positive diagonal
elements. This guarantees Pyx-; > O by construction and
prevents numerical instability in subsequent updates.

The LSTM structure is shown in Fig. 3. Through its gating
mechanism and the memory cell ¢,, the LSTM can preserve
information over long time spans, thereby capturing long-
term dependencies. The inclusion of forget gates enables the
model to adapt more effectively to temporal variations in time
series. Conceptually, the LSTM can be viewed as a system that
manages memory through three essential gates: the forget gate,
which resets or discards irrelevant information; the input gate,
which regulates the writing of new information into memorys;
and the output gate, which controls the reading of information
and ultimately generates the hidden state at each time step.
The memory cell and gates operate based on the current input
as well as the learned weight and bias parameters, which are
optimized during training. Moreover, this structure not only
supports single-layer LSTM implementations but also extends
naturally to multiple layers. In such multilayer configurations,
the hidden state from one layer serves as the input to the next,
thereby enabling the model to capture increasingly complex
temporal dynamics.

The detailed architecture of the LSTM block is shown in
Fig. 2. The LSTM consists of two hidden layers, each with 40
hidden nodes, and processes the input data sequentially. The
hidden state is passed through two fully connected (FC) layers,
after which the output is split into two branches, each leading
to a different FC layer. A multivariate Gaussian distribution,
N(xp; Xigi-1(0), Pige—1(0)), is used to predict the mean and
covariance matrix based on an input sequence zj;-i. The
predicted mean X1 (6) is computed by the first branch, FC,,
which contains 32 hidden nodes. The output from the LSTM
block is passed through an output layer that reduces the num-
ber of hidden nodes to m, providing the state prediction. To
compute the covariance matrix, the second FC layer, F'C,, also
containing 32 hidden units, is used to generate the elements
of the Cholesky decomposition. Specifically, this layer outputs
m(m+1)/2 values, corresponding to the unique elements of the
lower triangular matrix from the decomposition. This ensures
the positive definiteness of the covariance matrix.

D. GRU-Based Innovation Covariance Estimation

To adaptively estimate the innovation covariance, we
exploit two complementary measurement-based features:
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Fully connected Fully connected

linear input layer linear input layer

Fig. 4. Detailed architecture of the GRU-based innovation covariance module.
The network takes the measurement innovation (AZy = zx — Zik—1) and
measurement difference AZ; = zx — zx—1 as dual-channel inputs to capture both
instantaneous observation errors and short-term temporal fluctuations. The
output is processed through FC layers to produce the innovation covariance
matrix, enabling robust handling of unknown measurement noise statistics.

Zk- Zg-1

Skt1]k,
| etk

Zk — Zg|k-1
—

measurement innovation and measurement difference. The
measurement innovation (AZ; = zx — 'Zk|k_1) captures the
instantaneous changes between the predicted and the actual
observations, which is crucial for updating state estimates.
The Zxk-1 = HyXir—1- In contrast, the measurement difference
is defined as AZy = zx — zZx—1, which characterizes the
temporal variation of consecutive measurements. This feature
provides short-term dynamic information about changes in the
observation sequence and is particularly informative when the
system exhibits abrupt or nonstationary behavior. By jointly
using AZ; and AZg, the network can capture both instantaneous
prediction errors and short-term measurement dynamics. This
combination enables more responsive and reliable adaptation
of the innovation covariance, which is critical for adjusting
the Kalman gain in real time. We employ a GRU network to
process these features due to its computational efficiency and
compact parameterization.

In this section, we recast the Kalman gain matrix compu-
tation within the framework of the traditional KF algorithm
to better explain the proposed state update mechanism. The
Kalman gain is determined by the multiplication of three
elements: the predicted state covariance Py—1(6), the Jacobian
matrix H; of the measurement function, and the inverse of the
innovation covariance matrix S ,:l(cp). Here, 6 and ¢ represent
the learnable parameters of the LSTM and GRU blocks,
respectively. The predicted state covariance Pp—1(6) is learned
via an LSTM block (as described in Section III-C), allowing
the model to capture the prior covariance in a data-driven way.
Additionally, the last term, S ,:1(<p), depends on the second
moment of the measurement noise R;. When the elements
in O and Ry depart from their actual values significantly,
the KalmanNet [20] may suffer from reduced robustness,
as it lacks the ability to differentiate between the distinct
contributions of the erroneous knowledge in the process noise
and that in the measurement noise. To address this issue,
we propose the use of a GRU block, as shown in Fig. 4,
which implicitly learns the innovation covariance matrix. This
approach ensures that the DL-KF can accurately capture the
effects of uncertainty in the measurement noise without the
need for manually defining or modeling the measurement noise
parameters.

To track covariance matrices effectively, we utilize two
essential input features: measurement innovation and mea-
surement difference. The measurement innovation (A%, =
Z — Zuk-1) captures the discrepancy between the predicted
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and the actual observations, which is crucial for updating
state estimates. In contrast, the measurement difference (AZ; =
Zx — Zx—1) monitors the evolution of consecutive observations,
providing crucial temporal information about the system’s
dynamics. Together, these inputs help the network grasp both
instantaneous changes and broader transitional shifts in the
observation space, thereby improving its ability to adjust
innovation covariance in real time. We specifically chose the
GRU network for processing these input features due to its
computational efficiency and fewer parameters compared to
LSTM networks [30]. This makes the GRU well-suited for
efficiently handling recent measurement discrepancy, which
is critical for innovation covariance learning in time-sensitive
scenarios dominated by short-term dependencies. The GRU
and the LSTM share similar network structures. However, the
GRU simplifies the LSTM by merging the input and forget
gates into a single update gate and eliminating the separate
memory cell. As a result, the GRU uses only one hidden
state for updates, making it more computationally efficient.
For more details, we refer the reader to the literature [16]. As
shown in Fig. 4, the GRU module consists of a single hidden
layer with 80 units. Its output is passed through a FC feed-
forward network to produce the inverse innovation covariance

Si' (0) 2 GRU (A%, A%k ) (10)

where ¢ denotes the GRU parameters. The estimated S;' is
subsequently used in the Kalman gain computation, enabling
adaptive and data-driven adjustment of the measurement
update.

E. Inference With KF

By exploiting the statistical independence between the pro-
cess noise and the measurement noise vectors, the proposed
approach incorporates model-based principles for calculating
the Kalman gain matrix. It introduces a method that indepen-
dently learns the process of state prediction and the innovation
covariance, which are associated with both the state prediction
and the measurement update. This is achieved using two
distinct DNNs, namely, the LSTM block and the GRU block.
The LSTM block is responsible for learning the predicted
covariance matrix Pyy—1(6), while the GRU block is designed
to learn the innovation covariance matrix S . Further details
regarding the learning process can be found in Section III-C.
During the measurement update phase, the Kalman gain matrix
is used to compute the posterior state based on the state
prediction.

Given the learned Gaussian prior and the linear-Gaussian
likelihood, the posterior of the current state remains Gaussian
and is available in closed form

(1)

The posterior moments follow the standard Kalman correc-
tion:

p (xilzia) = N (o5 Rk Prge) -

Ky = Pyt (O H! S (9) (12)
e = X1 (0) + K%y (13)
P = Py (0) — KiS' (0) KT (14)
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The DL-KF effectively decouples the influence of process
noise and measurement noise within the Kalman framework
by separating the calculation of the Kalman gain, as well as
addressing the model linearization error from the Jacobian
matrix of the state function in computing the linearized
state prediction. This approach offers a significant advantage
over KalmanNet, which merges all such effects into a single
parameter—the Kalman gain—Ilearned via a neural network.

F. Theoretical Stability and Error Bounds of the DL-KF
Recursion

This section analyzes the theoretical properties of DL-KF in
terms of well-posedness, stability, and error characterization.
To avoid redundancy, we do not repeat the filtering equations
derived in Section III-C, but instead analyze their implications
by explicitly referring to the established prior—posterior recur-
sion framework.

1) Well-Posedness of the Bayesian Recursion: As defined
in Section III-C, DL-KF represents the predictive prior at time
step k as a Gaussian distribution p(x|z;..-1), whose moments
are produced by the LSTM. Together with the linear-Gaussian
measurement model, standard Bayesian filtering theory guar-
antees that the posterior p(xi|z;) remains Gaussian and is
uniquely characterized by the posterior mean and covariance
given by the Kalman update equations [see (12)—(14)]. There-
fore, for any finite measurement sequence z;; and any fixed
network parameters, the DL-KF recursion is well-defined at
every time step. This result holds without requiring an explicit
parametric state-transition model since the predictive prior is
supplied directly by the data-driven LSTM.

2) Positive Definiteness and Numerical Stability: DL-KF
enforces the positive definiteness of the predictive covariance
through Cholesky parameterization, defined as Pyy—; = LLT,
which ensures Piix-; > 0 by construction. Since the mea-
surement noise covariance R; is assumed positive-definite,
the innovation covariance is also positive-definite and thus
invertible. As a result, the Kalman gain is always well-defined,
and the posterior covariance update does not involve singular
or ill-conditioned matrix operations. Under the assumption of
bounded network outputs and bounded measurement matrices,
both the Kalman gain and the posterior covariance remain
bounded, thereby establishing the recursive numerical stability
of the filtering process.

The analysis above characterizes the properties of the fil-
tering recursion for a given set of trained parameters. DL-KF
ensures that the resulting Bayesian recursion is well-defined,
numerically stable, and equipped with principled uncertainty
quantification. Robustness to model mismatch arises from the
synergy between the learned predictive prior and the physics-
consistent measurement update. While the LSTM adapts the
prior to capture unknown latent dynamics, the Kalman correc-
tion ensures rigorous alignment with the measurement model
at each time step, justifying the robust empirical performance
demonstrated in Section IV.

G. Training Algorithm

The proposed algorithm is trained in a supervised manner
utilizing the available labeled dataset. We define the dataset as
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Diyian = {x(ll;)r“) ’Z(ll:)T”’ }fi*f"”, where the superscript (/) indicates

the /th sequence in the training dataset, and 7 f(rlfu.n is its length
for the /th sequence. Parameter x”’ represents the ground truth
and 7z denotes the measurement vector for the /th sequence,
with / ranging from 1 to Ny,. To enhance the training process
of the network, we introduce a cost function that assesses
the model’s performance in relation to the ground truth. This
cost function is designed to minimize the discrepancy between
the estimated outputs and the ground truth, thus facilitating
effective learning. The formulation of the cost function is

expressed as follows:

rain

0]

Nirain Tirai
1 train train 2 2
— O _ 20 D _ 0
L=o—> 2 (W =5h) +a(:-55.) - a9
train =1 k=1

The weighting coefficient 1 serves as a hyperparameter to
balance the estimation errors between filtering and prediction.
In typical scenarios where filtering accuracy is prioritized, A
can be assigned a value greater than 1, with its optimal value
determined through tuning alongside other hyperparameters,
such as the learning rate. The cost function comprises two
components, emphasizing our objective to train a network that
accurately estimates trajectories closely aligned with the true
trajectories, applicable to both the filtering and the prediction
phases. Consequently, we minimize the mse between the
filtered states, the predicted states, and the true states. To
optimize the network parameters, we use the stochastic gra-
dient descent algorithm [31]. Considering the computational
complexity associated with large training datasets, we utilize a
mini-batch approach, feeding only a subset of training samples
into the network for parameter updates at each iteration. This
process continues until the cost function converges, at which
point the network parameters are established. Additionally, to
increase the likelihood of reaching the global minimum, we
initialize the network parameters with randomly values. This
strategy helps to prevent the model from getting stuck in local
minima. We conduct multiple training run, each with distinct
random initializations, and select the model that performs
best. By adopting this approach, we ensure that the network
converges to a solution that generalizes effectively, rather than
being trapped in suboptimal local minima.

To evaluate the proposed methods, we utilize training data
from multiple diverse scenarios. First, we generate training
data using a CV SSM. Additionally, we collect real-world
vehicle data from millimeter-wave (MMW) radars deployed
in tunnels. This dataset offers valuable insights into actual
driving conditions and allows us to evaluate the model’s
performance under realistic constraints. For more complex,
highly nonlinear scenarios, we generate training data using a
synthetic Lorenz attractor SSM. The Lorenz attractor is well-
known for its ability to simulate chaotic dynamics, making it
an ideal benchmark for testing the model’s capability to handle
intricate nonlinear behaviors. In addition, we incorporate the
publicly available north campus long-term (NCLT) dataset
to diversify the training data and ensure robustness across
various environmental conditions. Detailed configurations of
the training and test datasets are discussed in Section IV.
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IV. EXPERIMENTS AND RESULTS

Extensive experiments are conducted to evaluate the per-
formance of the proposed method in multiple setups and
compare it to various benchmark algorithms. Our experimental
setup is inspired by that of KalmanNet [20]. The evalua-
tion covers three scenarios: a nonlinear synthetic system, a
large-scale real-world NCLT dataset, and a real MMW radar
dataset collected in a tunnel environment. We begin with
the nonlinear Lorenz-attractor SSM, which is widely used
to evaluate nonlinear filtering algorithms [20]. In this setup,
we compare the proposed approach with nonlinear model-
based benchmarks, including EKF, UKF, and KalmanNet.
This experiment highlights the ability of the proposed method
to handle nonlinear dynamics, where traditional model-based
filters typically require precise system knowledge. Next, we
extend the evaluation to the real-world NCLT dataset [32],
which provides large-scale, multisensor data collected under
diverse conditions. This experiment is intended to validate
the generalization capability of the proposed approach across
complex and realistic environments. The performance of the
proposed method is assessed by comparisons with a number
of baselines, including EKF, UKF, and KalmanNet. Finally,
we consider a real MMW radar dataset collected in a tunnel
environment. This scenario corresponds to a near-linear SSM
since most vehicles travel at approximately constant speed
inside the tunnel. Under such conditions, the KF achieves
near-optimal performance, making it a strong baseline for
comparison. We also evaluate the proposed method against
KF, least squares (LS), IMM, SWVAKF [33], AKNet [15],
and KalmanNet on synthetic data generated by an SSM.

The characteristics of the evaluated methods are summa-
rized as follows. KF assumes a linear process model with
known parameters and provides optimal unbiased estimation
under Gaussian noise. EKF approximates nonlinear models
using a first-order Taylor expansion, requiring full knowledge
of noise and measurement models. UKF employs sigma-point
methods to address nonlinear dynamics and relies on accurate
noise and measurement statistics. IMM combines multiple can-
didate models and adapts their probabilities online, enabling
robust performance under varying or uncertain process noise
conditions. SWVAKF [33] employs a variational Bayesian
framework to adaptively estimate inaccurate state and mea-
surement noise covariance matrices within a sliding time
window, thereby improving robustness in nonstationary noise
environments. KalmanNet learns the Kalman gain through an
RNN, alleviating dependence on precise process noise knowl-
edge. AKNet [15] is a DNN-aided KF capable of adapting
to varying noise statistics without retraining, employing a
compact hypernetwork for modulation. Finally, the proposed
DL-KF operates solely on measurement data without assuming
a process model or requiring prior noise statistics.

We implemented the KF, EKF, IMM, and UKF using
PyTorch and FilterPy [34]. The SWVAKF was implemented
based on the open-source code from [33], which adaptively
estimates state and measurement noise covariance matrices
via a sliding-window variational framework. For KalmanNet,
we adopted the original implementation from [20]. AKNet,
a DNN-aided KF known for its capability to handle varying
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noise statistics through single-parameter tuning [15], was also
adapted into PyTorch from its original codebase.

To ensure a fair and rigorous comparison, we performed
extensive hyperparameter optimization for each experimen-
tal scenario. Recognizing that diverse environments—ranging
from chaotic nonlinear dynamics to real-world vehicle
trajectories—impose distinct demands on the estimator, we
conducted a systematic grid search for every evaluated method.
Specifically, for SWVAKEF, we tuned the sliding window size
within the range of [5, 50] and the forgetting factor p between
0.9 and 0.99 to balance tracking responsiveness against varia-
tional stability. For AKNet, the modulation capacity of the
hypernetwork and the SoW encoder were optimized with
scenario-specific learning rates spanning from 5 x 107*
to 5 x 1073 to ensure effective adaptation. Similarly, the
IMM filter was configured with a comprehensive model set
comprising CV, CA, and CT models. The transition probability
matrices and process noise intensities for the IMM were metic-
ulously calibrated via cross-validation to accurately capture
maneuvers. All neural-aided models, including KalmanNet,
AKNet, and the proposed DL-KF, were trained using the
Adam optimizer with a consistent batch size of 64. A dedicated
early-stopping strategy was further employed during training
to mitigate the risk of overfitting.

A. Experimental Setups

For evaluation,
{)C(J) @) }N/m

IT(”’Z a0 Jj=1"

test
{ ., represents the ground truth for the jth testing sample,

Lrest

we use a testing dataset Dy, =
Denoting the estimated state as X;. Parame-

ter x

where Tt(jzt is the length of the sequence for the jth sam-
ple. Parameter Y )T(/) represents the corresponding observation
sequence for the ]th testing sample. Ny, is the total number
of testing samples in the dataset D,,. We use the averaged
normalized-mean-squared-error (NMSE) as the performance
measure, defined as follows:

> e A0 5 ‘ ‘2
k
NMSE =101log —2. (16)
NIEYI IE\)‘ ()
Py EY)

A lower NMSE value indicates better model performance,
as it reflects smaller errors relative to the ground truth. NMSE
is particularly useful for comparing different models, as it
normalizes the error and enables fair comparison across data
with different scales.

B. Performance Evaluation With Synthetic Lorenz Attractor
SSM

The Lorenz attractor SSM represents a chaotic system
characterized by nonlinear dynamics and is primarily used to
model atmospheric convection. Learning the dynamics of such
a complex system through supervised methods poses greater
challenges than learning linear dynamics. This makes it an
interesting benchmark for assessing the performance of the
proposed hybrid model, as its synthetic nature illustrates the
difficulties encountered in online tracking of highly nonlinear
trajectories.

Authorized licensed use limited to: Southeast University. Downloaded on July 19,2026 at 07:25:23 UTC from |IEEE Xplore. Restrictions apply.



24378

The proposed method is also evaluated using synthetic data
generated from a nonlinear Lorenz attractor SSM [20]. The
SSM is characterized by discrete-time, time-varying dynamics,
similar to those described in [20]

x (k) = Fr (xx-1) X1 + ek (17)

where x; € R is a 3-D vector x; = [Xi,Xs, X3]". Here,
X1,X,, and X3 denote the horizontal temperature variation,
the vertical temperature variation, and the convection rate of
a fluid, respectively. The process noise e, € R® is modeled
similar to the linear SSM. Specifically, the process noise
follows ¢, ~ N(0, C,), with C, = 0'313, where I3 = diag(1,1,1)
is the identity matrix of dimension 3. The state-transition
function is defined as

-10 10 0
Fr(xy) = exp 28 -1 —Xk-1,1 | A (18)
0 X1 -§

with the step size A = 0.02 s. For simulations, we approximate
(18) using a fifth-order Taylor series expansion to solve the
Lorenz system. The measurement model assumes H; = I,
and the measurement noise wy is normally distributed as
wy ~ N(0,C,) with C,, = a‘fvl3. We train the proposed method
using simulated data with parameters Ny, = 1000 sequences
of length T, = 200, fixing the process noise at —10 dB
and varying the measurement noise. For the evaluation, all
methods are tested on the same dataset with N, = 100
and Ty, = 1000, where the test trajectories are set to be
deliberately longer than those used in the training phase. This
setup enables us to evaluate the generalization capability of the
proposed method on extended time-series data. The signal-to-
measurement noise ratio (SMNR) is varied between —30 and
10 dB. The SMNR is computed on the test set D, as

2
Trest () (0]
e e )

tr(Cy)

NIL’J/
Z 10[0g10

test *
i=1

1

We first evaluate state estimation performance and then
visually demonstrate the results. Fig. 5 illustrates random
samples of trajectories from the Lorenz attractor SSM, their
corresponding noisy measurements, and the state estimates
generated by DL-KF. The top row represents cases with an
SMNR of 10 dB, while the bottom row illustrates results for
an SMNR of —10 dB. It is important to highlight that the
training dataset for each specified SMNR consists of noisy
measurement trajectories. It is noteworthy that, even at an
SMNR of —10 dB, DL-KF effectively extracts substantial
information from the noisy input data, achieving a reasonably
accurate estimation of the state trajectory despite lacking prior
knowledge of the process model.

Table II presents a performance comparison of various
methods in terms of NMSE across different SMNR for the
Lorenz attractor SSM. Both KalmanNet and the proposed DL-
KF are trained using a dataset consisting of N, = 1000
samples and Ty, = 200 time steps. Overall, DL-KF per-
forms the best except that the performance is close to that
achieved by UKF in some settings. Notably, DL-KF achieves
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Fig. 5. State estimation of the Lorenz attractor is performed under 10- and
—10-dB SNRs. The top and bottom rows show results for 10 and —10 dB,
respectively. For clarity, the ground truth is shown as a blue solid line, while
noisy measurements are indicated by a red solid line. The estimate from our
proposed DL-KF (shown as a black solid line) demonstrates superior accuracy
in recovering the chaotic trajectory and suppressing noise, even at —10 dB.

TABLE I

NMSE (IN DB) FOR LORENZ SSM IN DIFFERENT
MEASUREMENT NOISE SMNRS (IN DB)

SMNR -30 -20 -10 0 10
EKF({) -2.57 -2.72 -3.53 -8.39 -12.51
o +068 +£075 +085 +£060 +0.36
UKF(f2) -4.36 -4.77 -5.75 -10.84  -18.19
% +053 +£026 +0.76 *£238 +0.67
KalmanNet (/) -2.58 -2.79 -2.78 -12.88  -16.33
o +068 +0.89 +082 +0.85 *054
DL-KF(1) -4.89 -4.48 -5.92 -1290  -18.33
o +0.19 +£053 +041 +£101 +0.68

performance levels comparable to UKF without the necessity
for prior knowledge of the exact process model. Further-
more, it outperforms KalmanNet even at lower SMNR values.
Subsequent experiments are planned to assess the method’s
performance under conditions of imperfect knowledge of the
process model and mismatched measurement noise.

1) Performance Evaluation Under Inaccurate Process
Noise: In this section, we further investigate the robustness
of the three neural network-based methodologies, DL-KEF,
KalmanNet, and Split-KalmanNet, in the face of process noise
mismatches. These mismatches are created by altering the
process noise 62, which represents the deviation from the
specified SSM. Keeping the SMNR at 10 dB, we train both
DL-KF and KalmanNet with 6> = -10 dB, subsequently
testing them with various 62 values. An increase in 62 is
equivalent to an increase in uncertainty (or randomness) in
the Lorenz SSM. In our experiments, we intentionally provide
incorrect process noise statistics to all methods. Specifically,
we experiment with an under-estimated process noise level
62 =0 dB and 62 = 5 dB, and an over-estimated process noise
level 62 = —20 dB and 62 = —15 dB. The NMSE performances
are shown in Table III. Obviously, the performance of both
DL-KF and KalmanNet degrades as 62 increases. DL-KF, how-
ever, consistently outperforms KalmanNet when the process
noise is overestimated. This advantage stems from the LSTM
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TABLE III

LORENZ ATTRACTOR SSM WITH INCORRECT
PROCESS NOISE STATISTICS

§2[dB] 20 -15 -10 0 5

KalmanNet  -16.61  -16.65 -1648 -1520 -12.81
4033 4032 4035 £052 4042

Split- -17.04 1701 -1520 -13.02 943
KalmanNet ~ 40.06 4076 4021 4070  +0.72
DL-KF 1930  -19.19 -1850 -1475 -11.37
+0.57 4055 4055 4045  +0.35

TABLE IV

NMSE (IN DB) FOR LORENZ SSM IN THE CASE OF
INCORRECT MEASUREMENT NOISE (IN DB)

SMNR -20 -10 0 10 20
KalmanNet  -2.66 -2.77 -6.45 -14.97 -20.59
+039 +£055 +134 +£242 £0.27
Split- -2.03 -2.37 -3.48 -14.65 -18.69
KalmanNet + 020 +0.35 +0.87 + 1.61 + 0.69
DL-KF -2.89 -5.98 -7.49 -17.195 -20.77
+049 +£025 +026 038 +0.28

block within DL-KF, which can effectively learn complex
mappings between input long-term measurement features and
output state predictions, as well as predicted covariances. This
learning capability allows DL-KF to mitigate larger errors
introduced by inaccurate process noise. Remarkably, DL-KF
achieves this without prior knowledge of the exact process
model. When the process noise is underestimated, DL-KF
performs comparably to KalmanNet, even without knowing the
exact state-transition matrix or process noise covariance. Look-
ing at Split-KalmanNet, it demonstrates better performance
compared to KalmanNet but still lags behind DL-KF, partic-
ularly when process noise is overestimated. Split-KalmanNet
performs similar to KalmanNet in scenarios where the process
noise is underestimated, but its overall accuracy is more stable
than KalmanNet under different process noise levels. This is
particularly significant in practical applications, where these
parameters are rarely known with precision. Overall, DL-KF
exhibits robust accuracy and stability across varying levels
of process noise, demonstrating its adaptability even in the
absence of exact process model knowledge.

2) Performance Evaluation Under Inaccurate Measurement
Noise: We now investigate the impact of inaccurate mea-
surement noise knowledge on the performance of DL-KF,
KalmanNet, and Split-KalmanNet. To simulate changes in
the measurement setup, we train DL-KF and KalmanNet
at an SMNR of 20 dB while keeping 62 fixed at 10 dB.
Subsequently, we then assess their performance across varying
SMNR levels. The results are presented in Table IV. DL-KF
demonstrates greater robustness to measurement noise varia-
tions than KalmanNet although the improvement is marginal
in some settings. This enhanced stability stems from DL-
KF’s learning-based approach to innovation covariance, which
improves its ability to handle measurement noise uncertainty
effectively. Split-KalmanNet outperforms KalmanNet in most
cases and exhibits more stable performance across varying
SMNR levels. However, its robustness is less pronounced
than that of DL-KF, particularly when the measurement
noise is significantly mismatched. When the SMNR is low
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Fig. 6. Comparison of state trajectory estimation for the second component X»
(vertical temperature variation) of the nonlinear Lorenz attractor system. The
results demonstrate the superior tracking robustness of the proposed DL-KF
against EKF, UKF, and KalmanNet under the challenges of unknown process
noise and an SMNR of 10 dB.

(e.g., —20 dB), Split-KalmanNet significantly outperforms
KalmanNet, demonstrating that the split model can handle
measurement noise uncertainty more effectively. Nevertheless,
DL-KF still outperforms both methods, showcasing its supe-
rior ability to manage measurement noise uncertainty across a
wider range of conditions.

3) Example State Trajectory Estimate: We provide an
example of the state trajectory estimation at an SMNR of
10 dB, with process noise fixed at —10 dB. The training
dataset comprises 1000 trajectories, each consisting of 200
time steps, while the test dataset includes 100 trajectories, each
with 500 time steps. Fig. 6 illustrates the performance under
conditions of inaccurate measurements, specifically with an
SMNR of 10 dB. We compare the estimation of the second
state component for the EKF, UKF, KalmanNet, and DL-KF.
DL-KF shows better state estimation accuracy; meanwhile, the
state trajectory estimates of KalmanNet and UKF are very
close.

C. Real World Dynamics: Michigan NCLT Dataset

In this section, the effectiveness of the DL-KF is evaluated
using the Michigan NCLT dataset [32]. This dataset was
collected on the University of Michigan’s North Campus
to support research on long-term autonomous vehicle oper-
ation in changing environments. A Segway robot repeatedly
explored the campus, both indoors and outdoors, following
varying trajectories at different times of the day and across
all four seasons. As a result, the dataset captures numer-
ous challenging elements, including moving obstacles (e.g.,
pedestrians, bicyclists, and cars), changing lighting conditions,
varying viewpoints, and seasonal and weather changes. The
NCLT dataset comprises 34.9 h of logs covering 147.4 km
of robot trajectory and was collected during 27 discrete map-
ping sessions. It includes different labeled trajectories, each
containing noisy sensor readings (e.g., GPS and odometer)
and the ground-truth locations of the moving Segway robot.
Our objective is to track the robot’s position using the noisy
velocity readings obtained through odometry.

We utilize a trajectory with a sampling rate of 1 Hz and a
date of February 18, 2012, for the training and validation of all
neural-aided filters. For testing purposes, a separate trajectory
dated April 29, 2012, is employed. The effectiveness of
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Fig. 7. NCLT dataset trajectory. Training and validation data are sampled at
a rate of 1 Hz, with a collection date of February 28, 2012. Test data are also
sampled at 1 Hz, with a collection date of April 29, 2012. The length and
number of trajectory are 7; = 50 and L = 80 for training, 7; = 200 and L = 5
for validation, and 7; = 1000 and L = 1 for testing.

TABLE V
MSE FOR THE NCLT EXPERIMENT

UKF DL-KF  DynaNet
47.97 38.98 45.82

EKF
114.55

EKFNet
43.15

KlamanNet
47.53

DL-KF is compared against both classical algorithms and
SOTA deep-learning-aided filters, as shown in Fig. 7. To
further evaluate the robustness of our method, we also compare
DL-KF with other advanced neural filters, namely, DynaNet
[35] and DeepKF (EKFNet) [36]. As shown in Table V, DL-
KF achieves an mse of 38.98, reflecting superior performance
over all counterparts. Specifically, it outperforms the UKF and
KalmanNet by 18.74% and 17.99%, respectively. Furthermore,
compared to more recent deep learning-based architectures,
DL-KF achieves a performance gain of 14.93% over DynaNet
and 9.67% over DeepKF (EKFNet). The qualitative analysis
reveals the underlying reasons for this superiority. While
DynaNet attempts to learn state-space structures through end-
to-end mapping, its performance is compromised by the
nonstationary, heavy-tailed measurement noise prevalent in
the NCLT dataset, leading to localized tracking fluctuations.
DeepKF (EKFNet), on the other hand, remains constrained
by its semianalytical EKF backbone, which still necessitates
a coarse approximation of the process model and a prede-
fined state-transition matrix F. In contrast, DL-KF effectively
operates as a model-free predictor by utilizing an LSTM to
learn latent dynamics directly from data. By eliminating the
dependence on an explicit F; and functionally decoupling
dynamics learning from innovation uncertainty adaptation,
DL-KF avoids the ‘“estimation-lag” and error propagation
common in both traditional and hybrid filters. These results
demonstrate the significant potential of DL-KF for real-world
applications, where precise physical models and noise statistics
are unavailable.

D. Experimental Validation on Autonomous Platform Under
High-Maneuverability Scenarios

1) Experimental Setup and Trajectory Design: To further
verify the generality of DL-KF, we conducted real-world
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GNSS Reciever  RTK/INS (Mti-680G)
« e

Fig. 8. Real-vehicle experimental platform integrated with a ground-truth
system.

Fig. 9. Experimental trajectories of a self-driving car covering various motion
styles, including constant speed, sudden acceleration, sudden deceleration,
slow turns, sharp turns, parking, and other scenarios.

experiments using an autonomous test vehicle on the Xidian
University campus. The vehicle is equipped with a high-
performance GNSS receiver and an integrated RTK/INS
(MTi-680G) to provide raw measurements. A high-precision
RTK/SINS system serves as the ground-truth reference. The
experimental platform and the test trajectory are illustrated in
Figs. 8 and 9, respectively. The route was specifically designed
to evaluate the filter’s performance under challenging driving
conditions, incorporating a variety of dynamic maneuvers such
as sharp turns, rapid acceleration, and sudden deceleration.
2) Segmented Motion Analysis: To evaluate the system’ s
dynamic response under diverse conditions, the experimental
trajectory is systematically partitioned into three segments,
each representing unique motion patterns and performance
challenges. Segment A focuses on high-intensity accelera-
tion and deceleration phases, rigorously testing the filter’
s ability to maintain stable tracking during abrupt velocity
changes. In Segment B, the evaluation shifts to low-speed
maneuvering, specifically targeting tracking precision during
high-curvature turns where rapid variations in vehicle head-
ing occur. Finally, Segment C presents the most challenging
scenario by combining sustained complex maneuvers with
rapid velocity transitions. This segment is designed to assess
the system’ s robustness under simultaneous dynamic stress,
where both directional and speed variations create a complex
environment for state estimation. By analyzing these segments,
we provide a comprehensive validation of the proposed method
across a broad spectrum of real-world maneuvering behaviors.
3) Results and Discussion: The position estimation results
are illustrated in Fig. 10, comparing the proposed DL-KF with
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Fig. 10. Position RMSE comparison between the proposed method and the
IMM method.

Fig. 11. Actual deployment plan and deployment photographs of MMW
radars and magnetic sensors in Xianfengding Tunnel, Jiangxi, China.

the classical IMM algorithm. The results highlight a clear
distinction in performance: the IMM method, constrained by
the first-order Markov assumption and predefined transition
models, is prone to significant peak errors during maneuver
transitions. Specifically, in Segment C, where the vehicle per-
forms a sharp turn during rapid acceleration, the IMM method
exhibits a temporary positioning error of approximately 1.5 m
due to model mismatch.

In contrast, DL-KF consistently delivers highly accu-
rate estimations with minimal fluctuations. By replacing the
explicit state-transition matrix with an LSTM-based prior
estimator, DL-KF successfully captures the underlying motion
manifold without the model-lag inherent in IMM. The exper-
imental results confirm that the decoupled architecture and
data-driven prediction of DL-KF provide superior adaptabil-
ity to real-world, nonstationary driving conditions, bridging
the gap between theoretical modeling and complex physical
dynamics.

E. Performance Evaluation With Real Vehicle Data in
Tunnel Environment

We generate the training data using the CV model’s state-
transition equation as in (19) and the measurement equation as
in (21). The test data are collected from MMW radars deployed
in actual tunnels where most vehicles drive at approximately
constant velocities in this environment. This approach allows
us to train the model on simulated data while evaluating its
performance on real-world radar measurements. The actual
data collection comes from the Xianfengding Tunnel in Jiangxi
Province, China, as shown in Fig. 11. The three-lane tunnel,
spanning approximately 1600 m, is equipped with nine MMW
radars to detect the real-time position and velocity of vehicles.
MMW radars are deployed at regular intervals of 150 m along
the tunnel wall. The MMW radars are from Hurys Pty Ltd and
with a model number DTAM D39-V.
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TABLE VI
SPECIFIC PARAMETERS OF THE PROCESS
NOISE COVARIANCE MATRIX
oz oy Ovy T,

0.75A2  0.45At%  1.5At 09Atk

To compare the proposed method with the optimal KEF,
we first conduct an experiment using a linear SSM. The
experiment is conducted by using data from MMW radar
tracking vehicles in a tunnel environment. As the environment
under consideration is a tunnel, a CV vehicle motion model
is employed to capture the kinematic relationship during a
tracking process. Specifically, we consider a class of discrete-
time linear system that evolve from time #_; to time f#
following a linear SSM:

X = Fip—1Xk-1 + Vit (19)

where the vehicle state is represented as x; =
[px(k), py(k), vi(k), v)(k)]T px(k) and py(k) are the posmons
in portrait and lateral directions, respectively, v,(k) and
vy(k) are the velocities, respectively. The system noise
Wg-1 [wak — 1), wyk = D), w, (kK — 1),w, (k - DT is a
zero-mean white Gaussian noise with a known covariance
matrix Q. Fyy—; is the system transition matrix to #; from #_,

1 0 Ay 0
1o 1 0 Aty
Fi-1 = 0 0 1 0 (20)
0 0 0 1
where Aty =t — 1,1 = 0.1 s as the MMW radar operates at a

constant sampling rate of 100 ms. The measurement equation
of MMW radar is given by

% = Hix + wj b3
where z; = [zx(k), zy(k), 2y, (k), 2y, (k)]T are the measurements of
MMW radar. Parameter H; is a known measurement matrix,
and H; = diag[1,1,1,1], v; is an additive noise, which is
a zero-mean white Gaussian noise with a known covariance
matrix Rj. It is assumed that the MMW radar measurement
noise w; is uncorrelated with process noise vy.

The initial covariance matrix is established as P(0) =
diag[O.Olz,0.012,0.052,0.012]. The covariance matrix of the
MMW radar measurement noise is primarily determined
by errors in transforming radar measurements from polar
coordinates to Cartesian coordinates and is set to R,(0) =
diag[0.52,0.7%,0.05%,0.1%], and the process noise covariance
matrix is Q,(k) = d1ag[o- 0' 0'2 0'2 ]. The initial pro-
cess noise covariance matrix 1s determined through actual
system data. These initial values are set following the prin-
ciples outlined in [37]. The specific parameters involved are
shown in Table VI. We first compare the proposed method
against the standard KF, LS, and KalmanNet. In the case of
KEF, the SSM and noise statistics are assumed to be known.
Both the proposed method and KalmanNet are trained on
a dataset Dyin, Where Ny = 500 and Ty, = 500. All
methods are evaluated on the same test dataset, with N, = 10
trajectories, each trajectory of length T, = 1000. Notably,
the test trajectories are longer than those in the training set,
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TABLE VII
NMSE (IN DB) FOR LINEAR SSM IN DIFFERENT METHODS (IN DB)

Methods LS KF KalmanNet  DL-KF
o -3.99 -16.06 -9.11 -13.06
o +0.20 +1.01 + 0.63 +1.58

allowing us to assess whether the proposed method generalizes
well to extended sequence lengths.

The NMSE results under linear-Gaussian conditions are
presented in Table VII. As expected, the KF achieves the best
performance because it is the optimal estimator for this specific
setting. This aligns with filtering optimality theory, which
establishes the KF as the unique mmse estimator for linear
systems with Gaussian noise. Under these ideal conditions,
the analytical model perfectly matches the physical system,
leaving negligible residual errors for any data-driven module to
correct. DL-KF performs slightly worse than the ideal KF but
still outperforms KalmanNet and LS by a substantial margin.
The small performance gap in this scenario stems from the
inherent approximation overhead of neural networks. Even
in a perfectly known linear environment, the flexible LSTM
and GRU modules introduce minor generalization variance
compared to the exact analytical solution. However, the core
value of DL-KEF lies in its ability to approach the performance
ceiling of the KF without any prior knowledge of noise
statistics or the state-transition matrix. This robustness high-
lights a key advantage of our method: while traditional filters
are constrained by their dependence on precise analytical
models, DL-KF delivers near-optimal performance under ideal
conditions and exhibits far superior adaptability in complex
maneuvering scenarios where such models typically fail.

Subsequently, we use the state equation (19) and mea-
surement equation (21) to generate training and testing data.
The DL-KF is trained on Ny, = 500 sequences of length
Tirqin = 500. During training, the SMNR varies from —20 to
30 dB, while 65 is fixed at O dB. For evaluation, all methods are
tested on the same dataset consisting of N, = 100 trajectories
of length T, = 1000. The longer test trajectories are chosen
deliberately to assess whether DL-KF can generalize beyond
the training sequence length. Finally, we examine two types
of mismatch: process noise mismatch and measurement noise
mismatch.

1) Mismatched Process Noise: We investigate the perfor-
mance of model-based KFs (e.g., KF, SWVAKF, and IMM)
and deep-learning-aided KFs (e.g., DL-KF, KalmanNet, and
AKNet) under mismatched process noise conditions. To eval-
vate the impact of such mismatches, we vary the process
noise variance, denoted as 6?, which represents a drift from
the original SSM. Specifically, the SMNR is fixed at 20 dB
during both training and testing. The deep-learning-aided KF
models are trained with 62 = 0 dB but evaluated across
different 62 values to assess their robustness. As shown in
Fig. 12, the NMSE of traditional KF and IMM degrades
significantly as 62 deviates from the assumed value. This is
because model-based filters rely on a rigid state-transition
matrix Fj and a fixed process noise covariance Q. When the
actual trajectory exhibits drift (due to model mismatch), the
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Fig. 12. Performance under mismatched process noise in a CV SSM: deep
learning-assisted KF methods provide more accurate estimates compared to
traditional model-based methods.
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Fig. 13. Performance under mismatched measurement noise in a CV SSM.
AKNet, KalmanNet, and DL-KF were trained at SMNR = 20 dB and process
noise variance 63 =0 dB, and tested at different SMNR levels.

recursive loop accumulates both linearization and structural
errors. In contrast, the LSTM-based latent dynamics learner
in the proposed DL-KF is the primary source of performance
gain. Unlike KalmanNet, which still relies on an assumed
transition matrix Fy, the LSTM in DL-KF captures high-
order temporal dependencies in the state evolution directly
from data. As the model mismatch parameter 63 increases,
the LSTM acts as a robust data-driven prior that compensates
for the unknown dynamics. This mitigates the estimation lag
and prevents the catastrophic drift observed in the standard
KF and IMM. These results demonstrate that the LSTM is the
core module for addressing model-side uncertainty.

2) Mismatched Measurement Noise: Fig. 13 shows the per-
formance of different estimation methods under mismatched
measurement noise conditions in a CV SSM. AKNet, Kalman-
Net, and DL-KF were trained with SMNR = 20 dB and
process noise variance 63 = 0 dB, and then tested at
varying SMNR levels. As expected, the performance of all
methods improves as SMNR increases since higher SMNR
corresponds to more reliable measurements. However, the
traditional model-based filters, such as KF and IMM, exhibit
significant degradation under mismatched noise statistics. This
is because both KF and IMM require an accurate assump-
tion of the measurement noise covariance in their model
hypotheses, and when this assumption is violated, their esti-
mated gains and state updates become biased, leading to poor
performance. By contrast, SWVAKF incorporates variational
Bayesian inference to adaptively estimate the noise covariance

Authorized licensed use limited to: Southeast University. Downloaded on July 19,2026 at 07:25:23 UTC from |IEEE Xplore. Restrictions apply.



FU et al.: ENHANCED DEEP-LEARNING-AIDED KALMAN FILTER BASED ON KalmanNet

during filtering. This adaptive mechanism allows it to partially
compensate for the mismatch and achieve better results than
KF and IMM. Learning-aided filters (AKNet, KalmanNet,
and DL-KF) further enhance robustness. They achieve much
lower NMSE by leveraging data-driven adaptation to noise
statistics. The results in this CV model emphasize that across
different SMNR levels—even with linear state transition and
measurement functions—hybrid methods combining model
knowledge with deep learning consistently outperform model-
based approaches. Notably, the proposed method achieves
the best performance at all SMNR levels, showing a clear
margin over the baselines. This highlights the effectiveness of
combining model structure with learned adaptation to noise
statistics for robust and accurate state estimation.

FE. Ablation

1) Functional Decoupling and Component Contributions:
To evaluate the robustness of the proposed DL-KF under
simultaneous motion-model and measurement-noise mis-
matches, we adopt the following setup. The dataset is
generated with a CA motion model, where the process noise is
increased by +30 dB, and the measurement noise covariance
is reduced by 10 dB. This configuration creates a challenging
test case. Increasing process noise simulates the uncertainty
introduced by the CA-to-CV model mismatch, while reducing
measurement noise forces the filter to rely more heavily on
noisy observations. For conventional model-based KFs, stabil-
ity is typically maintained by overestimating process noise and
underestimating measurement noise. This adjustment raises the
Kalman gain, leading the filter to rely more on measurements
than on the mismatched model. Although this strategy prevents
divergence by continuously correcting the state estimate, it
also increases estimation jitter and error variance since mea-
surement noise is more easily incorporated into the estimate.
This setup, thus, provides a stringent baseline for evaluating
DL-KF. It allows us to test whether the learned components
can autonomously compensate for such compound errors and
quantify their respective performance contributions without
manual parameter tuning.

The core architectural claim of DL-KF is its ability to
independently handle process and measurement noise mis-
matches through a decoupled recursive structure. To isolate
the contributions of the prediction and update modules, we
compare the full DL-KF with two constrained variants. The
first, a linear-LSTM hybrid, replaces the LSTM-based prior
covariance estimator with a standard CV kinematic model
using fixed process noise. The GRU module is retained to
adaptively estimate innovation covariance. This configuration
tests whether the LSTM’ s memory and nonlinear feature
extraction are necessary for modeling nonstationary prior
dynamics under mismatch. In the second variant, the fixed-
innovation model retains the LSTM for prior adaptation but
replaces the GRU-based update module with a fixed innovation
covariance matrix tuned empirically. This disables adaptive
gain adjustment, isolating the GRU’ s contribution to handling
real-time measurement noise. As summarized in Table VIII,
under simultaneous motion-model error (+30-dB process
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TABLE VIII

NMSE (IN DB) FOR ABLATION STUDY ON LSTM AND
GRU CONTRIBUTIONS IN DL-KF

Methods  DL-KF  DL-KF  DL-KF KF
(LSTM) (GRU) (Full)
[ 9.74 19.80 -0.54 2791
1o + 341 +3.14 +065 =772
TABLE IX
SENSITIVITY ANALYSIS OF NETWORK ARCHITECTURE
Module  Hidden Nodes  Layers NMSE Inference
(Np) (L) (dB) Time (ms)
40 1 -13.15 1.15
LSTM 40 2 -14.42 2.28
64 2 -14.44 4.05
80 1 -14.42 1.35
GRU 128 1 -14.45 2.62
80 2 -14.43 2.95

noise) and measurement noise mismatch (10 dB), the linear-
LSTM hybrid shows significant performance loss, confirming
the LSTM’ s essential role in capturing complex transition
dynamics. The fixed-innovation variant, meanwhile, fails to
maintain stability during transient noise spikes, indicating
that the GRU provides real-time adaptability to measurement
uncertainty that dynamics modeling alone cannot achieve.

2) Hyperparameter Sensitivity and Model Optimization: To
justify the architectural design and evaluate the robustness of
DL-KF, we conducted a systematic sensitivity analysis across
key architectural parameters, specifically network depth (layers
L) and width (hidden units N,). This analysis ensures that
the model achieves a balance between estimation precision
and computational efficiency. As summarized in Table IX, we
evaluated various configurations with L € {1,2} and N, €
{40, 64, 80, 128}. For the dynamics learning module (LSTM),
while increasing complexity initially improves the NMSE, a
performance plateau is observed at L = 2 and N;, = 40. Further
expanding the width to 64 units yields marginal accuracy gains
(less than 0.02 dB) but significantly elevates the computational
overhead. Thus, a two-layer LSTM with 40 units is selected to
reliably capture complex temporal dependencies. For the noise
adaptation module (GRU), a single-layer structure (L = 1) with
80 units provides the best tracking stability. Unlike dynamics
learning, noise adaptation benefits more from a wider hidden
state to represent uncertainty distributions rather than increased
depth. This configuration ensures rapid adaptation to measure-
ment noise while minimizing inference latency. In summary,
the superiority of DL-KF is driven by its functional decoupling
of dynamics learning and noise adaptation, making it highly
suitable for resource-constrained IoT systems.

3) Ablation Study on the Weighting Factor A: To rigorously
justify the selection of the weighting factor A in (15), we
conducted a comprehensive sensitivity analysis across four
heterogeneous environments: the synthetic Lorenz attractor
(Section IV-B), the Michigan NCLT dataset (Section IV-C),
the autonomous platform under high-maneuverability scenar-
ios (Section IV-D), and the tunnel environment with real
vehicle data (Section IV-E). The tracking performance, quan-
tified by the position NMSE, is summarized in Table X
for 4 € {0,0.1,0.5,0.8, 1.0}. The results exhibit a consistent
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TABLE X
PosITION NMSE (DB) COMPARISON FOR DIFFERENT A VALUES

A Lorenz Attractor NCLT  Maneuverability = Tunnel

A=0 -10.15 -11.82 -12.43 -9.56

A=0.1 -14.23 -15.15 -15.78 -13.14

A=0.5 -17.85 -18.45 -18.96 -17.20

A=038 -16.42 -17.34 -17.55 -15.92

A=1 -15.34 -16.21 -16.32 -14.88
TABLE XI

COMPARATIVE ANALYSIS OF PERFORMANCE AND LATENCY ACROSS
DIFFERENT NEURAL NETWORK ARCHITECTURES

Methods NMSE (dB) Inference Latency (ms)
DL-KF(CNN) —12.45 1.21
+5.86
DL-KF(Transformer) —18.23 12.54
+3.92
DL-KF (LSTM+GRU) —19.86 1.52
+ 1.24

U-shaped trend across all scenarios, with the optimal per-
formance centralized at 4 = 0.5. When A is near zero, the
absence of the prediction constraint L, prevents the LSTM
from internalizing the underlying kinematic laws, leading to
trajectory jitter and poor physical consistency, especially in the
tunnel environment where measurements are unreliable. As A
increases, the inclusion of L, functions as a physical reg-
ularizer, enabling the network to maintain motion continuity.
However, exceeding the optimal threshold (1 > 0.5) induces
an “over-regularization” effect. In high-maneuverability sce-
narios like the Lorenz system and the autonomous platform,
excessive reliance on learned dynamics causes the filter to
lag during rapid state transitions as it suppresses real-time
measurement corrections. The cross-scenario consistency of
A > 0.5 as a universal optimal point proves that our multitask
loss formulation effectively balances physical fidelity with
filtering responsiveness, ensuring robust generalization without
per-scenario parameter tuning.

4) Rationality of Architecture Selection: The DL-KF archi-
tecture adopts a decoupled LSTM—-GRU design to match the
recursive structure of Bayesian filtering and to meet real-
time constraints in vehicle localization. Kalman filtering is
a sequential Markov process: the estimate at time step k
is conditioned on the state summary carried from k£ — 1.
Recurrent networks provide the same inductive bias. Their
hidden-state transition (s_; — hy) naturally encodes temporal
propagation of system dynamics, which is difficult to achieve
with nonrecurrent architectures like CNNs or Transformers
under the same latency constraints. To justify this choice,
we compared DL-KF with CNN-based and Transformer-based
variants. As shown in Table XI, the Transformer variant attains
a competitive NMSE (—18.23 £ 3.92 dB), but its self-attention
incurs high inference latency (12.54 ms), which can violate
the sampling periods of high-rate sensors. The CNN variant is
faster (1.21 ms) but degrades in accuracy (—12.45 + 5.86 dB),
consistent with limited long-horizon temporal memory and
the resulting error accumulation. DL-KF achieves a better
accuracy—latency tradeoff, with NMSE —19.86 + 1.24 dB and
latency 1.52 ms. Ablation results further indicate that this gain
comes from complementary module roles: the LSTM captures
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TABLE XII

AVERAGE INFERENCE TIME (uS) OF DIFFERENT FILTERING
METHODS IN THE LINEAR CV SSM

KF IMM SEVAKF  AKNet KalmanNet DL-KF
450 pus 740 ps 1572 ps 453 pus 459 ps 462 ps
TABLE XIII

AVERAGE INFERENCE TIME (MS) OF DIFFERENT FILTERING
METHODS IN THE NONLINEAR LORENZ ATTRACTOR SSM

EKF
8.83 ms

UKF
9.64 ms

DL-KF
9.89 ms

KalmanNet
9.74 ms

long-term dependencies in latent dynamics via gated memory,
while the GRU adapts rapidly to nonstationary measurement
innovations by learning S;. Importantly, DL-KF outputs both
the learned prior Xx—; and prior covariance Py—;, and then
performs the analytical Kalman update. This preserves phys-
ical consistency, avoids black-box gain learning, and keeps
computation lightweight for real-time deployment.

G. Computational Complexity and Practicality Analysis

In addition to estimation accuracy, we further assess the
practicality of the considered methods by examining their
inference latency. Tables XII and XIII summarize the per-
time-step average inference times for both a linear CV model
and a nonlinear Lorenz attractor model. All methods were
implemented and tested on a workstation equipped with an
NVIDIA RTX 3090 GPU (24 GB).

In the linear CV SSM scenario, the standard KF achieves
the lowest inference time of 450 us. This reflects the simplicity
and efficiency of the classical model-based formulation. IMM
incurs a higher runtime of 740 us, which is more expensive
than KF because of its multiple-model evaluations. SWVAKF
provides improved robustness through variational Bayesian
adaptation of noise covariances. However, it incurs a much
higher computational cost, with an average latency of 1572 us.
By contrast, the learning-aided filters—AKNet, KalmanNet,
and DL-KF—achieve inference time around 453—462 us. This
inference time is only slightly slower than KF and remains
practical for real-time applications. These results suggest that
neural network-aided KFs can maintain competitive computa-
tional efficiency while improving estimation robustness. This
makes them suitable for real-time deployment.

In the nonlinear Lorenz attractor scenario, the inference
latency of all methods increases due to the added complexity
of nonlinear dynamics. EKF achieves the lowest latency of
8.83 ms. This confirms its computational efficiency. The UKF
records 9.64 ms, followed by the learning-based methods,
with KalmanNet and DL-KF requiring 9.74 and 9.89 mis,
respectively. These results show that the learning-based filters
maintain inference times close to those of traditional nonlinear
KFs. Overall, the deep-learning-aided methods remain suitable
for real-time applications while also offering improved robust-
ness in nonlinear systems.

To evaluate the practical feasibility of DL-KF for real-time
and embedded applications, we conducted a comprehen-
sive analysis of its computational complexity and training
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requirements based on the highly nonlinear Lorenz attrac-
tor dataset. The model is highly parsimonious, featuring
only 7.13k trainable parameters. The computational workload
during inference is approximately 6.72k FLOPs per frame,
enabling high-frequency state estimation in latency-critical
scenarios. Regarding the training phase, the model was imple-
mented on a single NVIDIA RTX 3090 GPU. Benefiting
from its efficient recursive architecture, the model converges
within 500 epochs. The entire training process, using a dataset
of 1000 trajectories, concludes in approximately 2.5 h. Fur-
thermore, the peak memory footprint during runtime remains
below 0.08 MB. Such minimal memory and computational
requirements demonstrate that the proposed DL-KF is excep-
tionally well-suited for deployment on resource-constrained
embedded systems.

V. CONCLUSION

In this article, we introduced DL-KF, a neural network-
based model integrated within the KF framework that
alleviates the need for accurately specifying the motion and
noise models, while simultaneously enabling the learning of
complex models from data that are challenging to explic-
itly define in nonlinear dynamic scenarios. By utilizing a
data-driven LSTM network, DL-KF captures the underlying
nonlinear dynamics of the dynamic process and provides
prior parameters for state estimation based on measurements.
Additionally, the use of a GRU within the KF framework
allows for the learning of the innovation covariance, effectively
solving measurement noise uncertainty. Our empirical studies
demonstrated that DL-KF outperforms traditional model-based
methods and the SOTA KalmanNet, in scenarios character-
ized by high nonlinearity and unknown process models. The
algorithm’s ability to integrate a structured SSM with a deep
learning network module ensures both data efficiency and
interpretability, effectively addressing modeling errors in the
SSM and compensating for estimation errors arising from
inaccurate knowledge of measurement noise and process noise.
Furthermore, our validation using real-world datasets confirms
the robustness and effectiveness of DL-KF, highlighting its
potential as a powerful tool for state estimation in complex
dynamic systems. Future work will further investigate its
application to a broader range of real-world problems, par-
ticularly concentrating on tracking maneuvering vehicles in
actual urban traffic environments.
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