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Abstract—Kalman filtering performance is highly sensitive to
model mismatch and noise covariance tuning. Classical adaptive
filtering methods address these issues by estimating model param-
eters or noise covariances from measurement data. However, these
methods often assume a correctly specified model structure, and
structural mismatch that falls outside the assumed model induces
bias and temporally correlated innovations that parameter adapta-
tion alone may not fully correct. Learning-based filtering methods
provide greater flexibility but typically rely on supervised training
with large datasets and do not produce consistent uncertainty
estimates. This article proposes a self-supervised Hybrid Adaptive
Kalman Filter that integrates classical adaptive filtering principles
with data-driven methods, learning structured corrections to system
dynamics and process noise covariance from measurements while
preserving the probabilistic structure of the filter. This allows the
innovation likelihood to be computed and subsequently used for
model classification via generalized Bayesian inference. Experimen-
tal results on real-world and high-fidelity simulated drone tracking
datasets demonstrate improved estimation accuracy and statistical

Manuscript received XXXXX 00, 2026; revised XXXXX 00, 2026;
accepted XXXXX 00, 2026. Date of publication XXXXX 00, 2026;
date of current version XXXXX 00, 2026.

DOI. NO. XX.XXXX/TAES.XX.XX

Refereeing of this contribution was handled by .

This work was supported by the Charles Stark Draper Laboratory, Inc.,
Cambridge, MA USA under the Draper Scholars Program.

Authors’ addresses: Jiho Lee is with the Charles Stark Draper Lab-
oratory, Inc., Cambridge, MA, USA, and the Ann and H. J. Smead
Department of Aerospace Engineering Sciences, University of Colorado
Boulder, Boulder, CO, USA (e-mail: jiho.lee@colorado.edu). Nisar
Ahmed is with the Ann and H. J. Smead Department of Aerospace
Engineering Sciences, University of Colorado Boulder, Boulder, CO,
USA (e-mail: nisar.ahmed@colorado.edu). Rebecca Russell is with the
Charles Stark Draper Laboratory, Inc., Cambridge, MA, USA (e-mail:
rrussell@draper.com). (Corresponding author: Jiho Lee.)

0018-9251 © 2026 IEEE

consistency as well as robust classification performance across both
low-data and large-data scenarios.

Nomenclature

Symbol Definition
xk State vector at time step k.
zk Measurement vector at time step k.
Fk State transition matrix.
FMB
k Nominal model-based state transition ma-

trix.
∆FML

k Learned correction to the state transition
matrix.

Hk Observation matrix.
Qk Process noise covariance matrix.
QML

k Learned process noise covariance matrix.
Rk Measurement noise covariance matrix.
wk Process noise, wk ∼ N (0, Qk).
vk Measurement noise, vk ∼ N (0, Rk).
x̂k|k−1 Predicted state estimate.
Pk|k−1 Predicted state covariance.
x̂k|k Posterior state estimate.
Pk|k Posterior state covariance.
νk Innovation (measurement residual).
Sk Innovation covariance.
Kk Kalman gain.
ex,k State estimation error.
∆x̂k State correction from measurement update.
ν
(K)
k Window of recent innovations.
ϕk Feature vector used by the adaptive neural

network.
fθ(·) Neural network parameterized by θ.
λ Interpolation parameter between nominal

and learned dynamics.
L(θ) Training loss function.
Mj Candidate model or class j.
αj Tempering parameter for generalized

Bayesian inference.
ϵx,k Normalized estimation error squared.
ϵz,k Normalized innovation squared.

I. Introduction

Kalman filters (KFs) and their variants have been
widely used for tracking, navigation, and state estimation
because of their principled probabilistic framework and
computational efficiency [1], [2], [3]. In practice, however,
the performance of a KF depends heavily on accurate
system models and carefully tuned noise covariances.
Model mismatch, unmodeled disturbances, and mistuned
noise statistics can lead to biased state estimates, in-
consistent uncertainty quantification, and degraded down-
stream inference. Obtaining reliable model parameters
often requires expert knowledge, system identification,
and manual tuning.

Classical adaptive filtering methods, extensively stud-
ied since the 1970s, address these challenges by adapt-
ing filter parameters directly from measurement data
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[4]. Techniques such as covariance matching, correla-
tion analysis, and likelihood-based estimation enable pa-
rameter adaptation without requiring ground-truth state
information [5], providing an important foundation for
measurement-based filter tuning. However, they typically
assume a predefined parametric state-space structure. As
a result, structural mismatch that falls outside the as-
sumed model can induce biases and temporally correlated
innovations that cannot be corrected through parameter
adaptation alone.

Recent advances in machine learning have motivated
a growing body of work that integrates neural networks
with classical filtering frameworks [6]. These learning-
augmented approaches aim to improve estimation per-
formance by learning system dynamics, filter parameters,
or correction terms directly from data. While promising,
existing learning-based filtering methods typically rely on
supervised training with access to ground-truth states and
are optimized using accuracy-based loss functions. As a
result, these methods primarily improve point-estimation
accuracy but often neglect the statistical consistency of the
estimated uncertainty, which is critical for assessing filter
reliability. Furthermore, many learning-based approaches
assume access to large-scale training datasets, often gen-
erated in simplified simulation environments, which may
not be available in real-world systems.

These limitations pose challenges for many safety-
critical systems where ground-truth state information may
be unavailable, uncertainty calibration is essential, and
collecting large labeled datasets can be costly or infeasi-
ble. Motivated by these limitations, this article proposes
a Hybrid Adaptive Kalman Filter (HAKF) that combines
model-based filtering with data-driven learning. The pro-
posed framework augments a classical KF with a neural
network that learns structured corrections to the nominal
dynamics and noise covariances directly from measure-
ment data. By incorporating structural inductive bias
from the underlying physics-based model and restricting
learning to components most susceptible to mismatch, the
proposed approach enables data-efficient adaptation while
preserving the probabilistic structure of the filter.

In addition to improving state estimation, the mea-
surement likelihood produced by the hybrid filter natu-
rally enables model classification through a generalized
Bayesian inference (GBI) framework [7]. This allows the
same filtering architecture to perform both probabilistic
state estimation and model classification. Fig. 1 illustrates
the overall conceptual differences between classical KF,
purely learning-based approaches, and the proposed hy-
brid framework.

We evaluate the proposed hybrid method on both
real-world drone trajectories from the multimodal in-
door 3D drone tracking dataset (DPJAIT) [8] and high-
fidelity simulated trajectories generated using AirSim [9].
Experimental results demonstrate that HAKF improves
estimation accuracy while achieving substantially better
statistical consistency compared to a tuned classical KF.
For model classification, HAKF shows strong perfor-
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Fig. 1. Comparison between classical filtering, purely learning-based
methods, and the proposed hybrid framework. (a) Classical KF relies
on manually tuned noise covariances and domain expertise to produce

reliable state estimates and uncertainty. (b) Purely learning-based
approaches use neural networks to directly predict system states,
typically requiring abundant ground-truth training data. (c) The
proposed Hybrid Adaptive Kalman Filter combines model-based

filtering with data-driven adaptation, enabling accurate state estimation
and probabilistic model classification under limited-data conditions.

mance in low-data regimes where purely learning-based
methods struggle, while also remaining effective when
larger training datasets are available.

To summarize, the key contributions of this article are
as follows.

1) A self-supervised HAKF framework inspired by
classical adaptive KF that integrates model-based
filtering with neural network-based adaptive model
correction without requiring ground-truth state su-
pervision.

2) A GBI framework that enables probabilistic model
classification using the innovation likelihood pro-
duced by the hybrid filter.

3) Experimental validation on both real-world and sim-
ulated datasets demonstrating robust performance
spanning the low-data and large-data regimes.

The rest of this article is organized as follows. Section
II reviews related work, and Section III presents the
proposed HAKF framework. Section IV describes the
experimental setup, including the system model, datasets,
evaluation metrics, and baseline methods, and Section V
reports experimental results for both state estimation and
model classification. Finally, Section VI concludes the
articles and discusses limitations and directions for future
work.

II. Related Work

A. Kalman Filter (KF)

The KF provides a Bayesian optimal estimator for
linear dynamical systems subject to Gaussian noise [1].
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Consider the following discrete-time state-space model:

xk = Fkxk−1 + wk, (1)
zk = Hkxk + vk. (2)

The Nomenclature summarizes the KF notation used
throughout the article.

If the linear-Gaussian assumptions of the KF are
satisfied and the system model is correctly specified, then
the following dynamical consistency conditions must hold
[2]:
1) Unbiased

E[ex,k] = 0 ∀k. (3)

2) Efficiency

E[ex,ke⊤x,k] = Pk|k ∀k. (4)

3) Innovation Whiteness

νk ∼ N (0, Sk), (5)
E[νk] = 0, (6)

E[νkν⊤j ] = δkjSk. (7)

In practice, the assumed linear-Gaussian system model is
often incorrect due to modeling errors and mistuned noise
covariances. Such structural mismatch leads to biased
estimation errors and temporally correlated innovation
sequences [5], violating the dynamical consistency con-
ditions (3)–(7) required for optimal Bayesian inference.
Hence, violations of these properties provide informative
signals of model mismatch that can be exploited for
adaptive model correction.

B. Adaptive Kalman Filter

To address this issue, adaptive Kalman filtering
methods have been extensively studied since the 1970s
[4]. Existing approaches can be broadly categorized
into Bayesian inference, maximum likelihood estimation,
covariance-matching, and correlation methods. More re-
cently, consistency-based methods have been proposed
that tune filter noise covariances by enforcing their sta-
tistical consistency.

Bayesian methods treat unknown model parameters as
latent random variables and estimate them jointly with the
system state through recursive inference. The posterior
distribution of the parameters is updated sequentially
using Bayes’ rule; however, exact inference is generally
intractable and typically requires approximate techniques
like Monte Carlo sampling, which can introduce computa-
tional overhead and limit real-time application [10], [11],
[12].

Maximum likelihood methods estimate unknown
model parameters by maximizing the likelihood of the
observed measurement sequence under an assumed prob-
abilistic model [13], [14]. In the marginal likelihood
formulation, the state variables are treated as latent and
integrated out, and parameters are obtained by solving

θ∗ = argmax
θ

pθ(z1:T ), (8)

where θ denotes the set of unknown model parameters.
These methods typically require iterative optimization of a
non-convex likelihood objective, making them sensitive to
initialization and susceptible to local optima convergence
[5].

Covariance-matching techniques enforce consistency
between the emprical covariance of the innovation se-
quence and its theoretical covariance predicted by the KF.
More formally,

1

m

k∑
i=k−m+1

νiν
⊤
i ≈ Sk, (9)

where m is an empirically chosen finite window length
used for statistical smoothing [4].

Correlation-based methods exploit the fact that, under
correction model specification, the innovation sequence
should be temporally uncorrelated. Nonzero innovation
autocorrelation provides a direct signal of misspecifica-
tion, which can be used to adapt filter parameters [4],
[5].

Lastly, recent work proposes consistency-based meth-
ods that tune the filter noise covariances such that the
state estimation errors and innovations are statistically
consistent [15], [16]. The normalized estimation error
squared (NEES) and normalized innovation squared (NIS)
statistics,

ϵx,k = e⊤x,kP
−1
k|kex,k, (10)

ϵz,k = ν⊤k S−1
k νk, (11)

follow chi-squared distributions under correct model spec-
ification [2]. These methods adjust the noise parameters
by matching the empirical statistics to their corresponding
theoretical moments.

Our proposed HAKF architecture integrates principles
from classical adaptive filtering methods, including max-
imum likelihood, covariance matching, and correlation
approaches, to enable statistically consistent adaptation
without requiring ground-truth states. Accordingly, NEES
and NIS are used in the experiments to evaluate the
consistency of the resulting estimates.

C. Hybrid Kalman Filter

Recent work combines KF with learned neural com-
ponents to mitigate model mismatch and unknown noise
statistics. These approaches are commonly referred to as
hybrid methods and can be categorized into the follow-
ing three categories: state-correction, model-learning, and
gain-learning methods.

State-correction approaches augment the Kalman fil-
tering framework with a learned neural component that
compensates for estimation errors. In these methods, the
neural network typically learns a residual mapping to
correct either the predicted state or the innovation term
without modifying the assumed system model [6], [17],
[18]. While such approaches can improve point-estimation
accuracy, they rely on post hoc compensation and do not
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explicitly enforce statistical consistency of the associated
estimates.

Model-learning methods learn unknown system pa-
rameters directly from data. In these approaches, neu-
ral networks parameterize components of the underlying
state-space model, enabling the representation of com-
plex nonlinear dynamics beyond classical linear-Gaussian
assumptions [19], [20], [21]. This improves modeling
flexibility but often replaces explicitly structured model
components with learned parameterizations, making the
resulting filter harder to interpret in classical state-space
terms.

Lastly, gain-learning methods retain the prediction
step of the KF while replacing the analytically derived
measurement update step with a learned neural update op-
erator. Representative approaches such as KalmanNet and
its variants explicitly replace or augment the analytical
Kalman gain computation with recurrent neural networks
[22], [23], [24], [25]. These methods have been shown to
improve state estimation accuracy under partially known
dynamics without requiring explicit identification of the
process or measurement noise statistics.

In contrast, our proposed HAKF preserves the ana-
lytical Kalman prediction and update recursion and uses
learning only to adapt structured corrections to the dy-
namics and process noise. Unlike hybrid methods trained
with supervised state-estimation losses, HAKF is trained
directly from measurement data alone. This distinction
is important because while KF is often interpreted as
an minimum mean-square error (MMSE) estimator, it
fundamentally performs recursive Bayesian inference by
propagating both the posterior mean and covariance. Con-
sequently, training and evaluating hybrid filters solely in
terms of point-estimation accuracy disregards the uncer-
tainty information captured by the filter that is essential
for assessing its reliability. Moreover, existing hybrid
methods employ expressive neural components that are
trained assuming access to abundant training data, which
are typically generated from simplified simulation envi-
ronments.

III. HAKF: Hybrid Adaptive Kalman Filter

In this section, we present a self-supervised HAKF
that learns corrections to the system dynamics and process
noise while preserving the analytic Bayesian filtering
structure. We first describe the problem formulation and
the proposed hybrid filtering architecture followed by the
training objective, classification method, and implemen-
tation details.

A. Problem Formulation

In practice, the discrete-time linear dynamical sys-
tem described in (1)–(2) is often misspecified due to
unmodeled dynamics and inaccurate noise statistics. The
objective of the proposed HAKF is therefore to adaptively
learn corrections to both the nominal system dynamics

and the process noise covariance from observable fea-
tures. Specifically, at each time step, a neural network
parameterized by θ maps a feature vector ϕk to

(∆FML
k , QML

k ) = fθ(ϕk), (12)

where ϕk is constructed from innovations and state-update
information described in III-B. Accordingly, the system
evolution is modeled as

xk =
(
FMB
k +∆FML

k

)
xk−1 + w̃k, w̃k ∼ N (0, QML

k ).
(13)

The structure of the correction term ∆FML
k can be

strategically designed to control the degree of model
adaptation. More specifically, ∆FML

k may be constrained
to follow a predefined sparsity pattern or low-dimensional
parameterization, which allows a trade-off between model
expressiveness and data efficiency. This allows the HAKF
framework to have varying levels of modeling flexibility
while avoiding overparameterization under limited train-
ing data. The specific parameterization used in this work
is described in Section IV-A.

B. Architecture

Fig. 2 illustrates the proposed HAKF architecture.
The filter preserves the standard Kalman prediction and
measurement correction recursion. We assume the obser-
vation model (i.e. Hk, Rk) is known. The same framework
could, in principle, be extended to learn measurement
parameters as well, but this is left for future work.

At each time step, a feature vector is constructed from
a finite window of recent innovations,

ν
(K)
k ≜ {νk−K+1, . . . , νk}, (14)

which is used as input to a feedforward neural network
that outputs ∆FML

k and QML
k . In addition, the state

correction

∆x̂k = x̂k|k − x̂k|k−1 (15)

is used as a feature. A multilayer perceptron (MLP)
is employed for data-efficient adaptation under limited
training data, due to its relatively simple architecture.

In the prediction step, the predicted state covariance
is also computed using the corrected transition matrix,

Pk|k−1 =
(
FMB
k +∆FML

k

)
Pk−1|k−1

(
FMB
k +∆FML

k

)⊤
+QML

k .

(16)

The resulting innovation νk from the measurement cor-
rection step is appended to the window ν

(K)
k , closing the

feedback loop. The use of innovation-sequence features in
the learning module is motivated by the innovation-based
training objective described below in Section III-C.

C. Cost Function

Given the hybrid filtering architecture described
above, we consider the marginal maximum likelihood
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sequence and state updates to estimate a transition correction ∆FML
k
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k , which are used to compensate for

model mismatch in the prediction step.

estimation objective. Under the correct model specifica-
tion and the KF assumptions, the predictive measurement
distribution is

zk | z1:k−1 ∼ N (Hkx̂k|k−1, Sk), (17)

Substituting this predictive distribution into (8) yields
a closed-form expression for the marginal likelihood.
Maximizing this likelihood is equivalent to minimizing
the innovation negative log-likelihood (NLL), which gives
the cost function:

L(θ) =
T∑

k=1

(
ν⊤k S−1

k νk + log detSk

)
, (18)

where an additive constant independent of θ has been
omitted.

Under the assumption that the innovations are inde-
pendent and Gaussian, minimizing the cost function in
(18) yields first-order optimality conditions that implicitly
enforce covariance-matching on the innovation sequence.
This connection has been formally established in the data
assimilation literature [26], [27]. Under model misspec-
ification, however, the resulting Kalman gain is gener-
ally suboptimal, and the innovation sequence becomes
temporally correlated [5], violating the independence
assumptions implicit in (18). In this regime, minimiz-
ing (18) constitutes quasi-maximum likelihood estimation
(QMLE), which converges to the parameters minimizing
the Kullback–Leibler divergence between the true inno-
vation process and the assumed independent-Gaussian
model [28], [29]. Consequently, the likelihood objective
primarily targets the marginal innovation distribution but
does not explicitly constrain cross-lag correlations, so
temporal dependence can still persist at the likelihood
optimum.

To address this limitation, the proposed HAKF ar-
chitecture uses a finite window of recent innovations as
an input feature, enabling the MLP to capture temporal
correlation structure that cannot be learned through one
recent innovation alone. In this way, HAKF integrates
principles from likelihood-based, covariance-matching,

and correlation-based classical adaptive Kalman filtering
methods through its cost function and architecture.

D. Classification via Generalized Bayes Inference

The KF can be interpreted as a generative model
that induces a predictive measurement likelihood through
the distribution defined in (17). Model classification can
therefore be mathematically performed by computing the
posterior over candidate models using Bayes’ rule.

Under model misspecification, however, direct
likelihood-based calculation may lead to overconfident
or inconsistent posterior estimates [7]. Moreover,
in practice, model misspecification may vary across
candidate models. To mitigate this issue, we adopt a
generalized Bayesian inference (GBI) using a model-
dependent tempered likelihood [30],

p(Mj | z1:k) ∝ p(z1:k | Mj)
αj p(Mj), (19)

where αj ∈ (0, 1] controls the influence of the likelihood
associated with model Mj on the posterior update.

Various approaches for selecting the tempering param-
eter have been proposed in the literature [31]. In this work,
we determine αj using a grid-based search that minimizes
the Brier score on a validation dataset,

α∗
j = argmin

αj

1

N

N∑
i=1

(
pαj (Mj | Z(i))− yi,j

)2

, (20)

where Z(i) denotes the measurement sequence of the i-th
trajectory and yi,j ∈ [0, 1] indicates whether trajectory
i was generated by model Mj . This enables per-class
calibration of the predicted model posterior.

E. Implementation Details

For numerical stability and training, several imple-
mentation details are adopted. First, the posterior covari-
ance is updated using the Joseph form [32]

Pk|k = (I −KkHk)Pk|k−1(I −KkHk)
⊤ +KkRkK

⊤
k ,

which guarantees symmetry and positive definiteness of
the updated state covariance in the presence of numerical
errors.

Second, to ensure that the learned QML
k remains

positive semi-definite, the neural network outputs a lower-
triangular matrix Lk and a diagonal matrix Dk, from
which

QML
k = LkDkL

⊤
k (21)

is constructed via Cholesky LDL composition [33]. In
our experiment, this parameterization provided better
numerical conditioning during training compared to the
commonly used LkL

⊤
k composition in other works [24],

[25], [34].
Third, (x̂0, P0) is obtained via a weighted least-

squares estimate using the minimum number of measure-
ments required to obtain an observable batch estimate of
the initial state [3]. Under the assumed motion model
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described in Section IV-A, the corresponding solution is
given by

x̂0 = (A⊤Σ−1A)−1A⊤Σ−1Y, (22)

P0 = (A⊤Σ−1A)−1, (23)

where A =

[
H

HFMB

]
and Y =

[
y0
y1

]
are constructed

using two measurements, and Σ denotes a block-diagonal
of the stacked measurement noise covariance.

Lastly, the network parameters are optimized using the
gradient-based Adam optimizer [35].

IV. Experimental Setup

A. System Model

For experimental evaluation, we consider a constant-
velocity (CV) motion model with state

xk = [px, py, pz, vx, vy, vz]
⊤, (24)

where px, py, pz denote the 3D position and vx, vy, vz de-
note the corresponding velocity components. The nominal
model-based transition matrix is given by

FMB =

[
I3 dt I3
0 I3

]
, (25)

and the observations are position-only measurements,

H =
[
I3 0

]
. (26)

In the CV motion model, the position update is
kinematic and governed by known physics, whereas the
constant velocity assumption in the velocity dynamics is
often violated in practice due to unmodeled forces and
disturbances. Hence, rather than learning a fully data-
driven transition model, we restrict learning to a structured
correction of the velocity dynamics. Accordingly, the
corrected transition matrix is computed as

Fk =

[
I3 dt I3
0 (1− λ)I3 + λ∆FML

k

]
, (27)

where λ ∈ [0, 1] is an interpolation parameter that blends
the nominal CV dynamics with the learned correction.
Specifically, λ = 0 uses only the nominal model while
λ = 1 fully adopts the learned transition.

Depending on the availability of training data, the
structure of ∆FML

k can be further constrained. Under
limited data, learning is restricted to diagonal velocity
scaling,

∆FML
k = diag(δk,x, δk,y, δk,z), (28)

where δk’s are learned scalar correction factors applied
to each velocity component. With sufficient data, how-
ever, full velocity coupling is permitted (i.e. entire R3×3

matrix).
While Qk in the CV model admits a closed-form

parametric structure derived from a continuous-time white
Gaussian acceleration disturbance model [36], such struc-
ture may no longer hold under model mismatch and un-
modeled disturbances. Hence, to allow greater flexibility,
the learned covariance QML

k is parameterized using the
Cholesky LDL composition described in Section III-E.
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Fig. 3. Example trajectories used in the experiment. (a) Synthetic

trajectories generated in AirSim for two quadrotor platforms. (b)
Real-world trajectories from the DPJAIT dataset for three quadrotor

platforms.

B. Datasets

We evaluate HAKF on both real-world flight data
and high-fidelity simulation data. Example trajectories
from both datasets are shown in Fig. 3. For real-world
evaluation, we use the multimodal dataset indoor 3D
drone tracking (DPJAIT) dataset [8], which provides
ground-truth 3D trajectories from three different quadro-
tor platforms. For each recorded flight sequence, multiple
reflective markers are attached to the drone body. In this
work, the drone position is defined as the centroid of
the tracked markers. The sampling interval is given by
dt = 1/fs, where fs = 100Hz [8].

In addition to real-world data, synthetic flight trajec-
tories are generated using the Microsoft AirSim simulator
for two quadrotor platforms, Flamewheel and Hexacopter.
This allows evaluation in a large-data regime, allowing
comparison with purely machine learning methods that
typically rely on abundant training data. To sufficiently
excite the system dynamics for model classification, tra-
jectories are generated by continuously rotating the com-
manded horizontal velocity vector while modulating the
yaw rate. This results in circular and gradually tightening
horizontal motion patterns with oscillatory heading dy-
namics. These trajectories introduce non-constant velocity
behavior, allowing the resulting motion patterns to exhibit
distinct velocity dynamics versus simple waypoint-based
motion.

To construct position-only observations for filtering,
noisy measurements are generated by injecting zero-
mean white Gaussian noise into the ground-truth position
trajectories,

zk = pk + vk, vk ∼ N (0, Rk), (29)

where Rk is assumed to be known. Although the filter
operates on position measurements, velocity ground truth
is also required to evaluate full-state estimation accuracy
performance, as described in Section IV-C1. Accordingly,
velocity is computed from the position trajectory using
finite differences.
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C. Evaluation Metrics and Baseline Methods
Comparison

The performance of the proposed HAKF is evaluated
in terms of both state estimation and model classification.

1. Estimation
Estimation accuracy is measured using the root mean

square error (RMSE) between the estimated state x̂k and
the ground-truth state xk,

RMSE =

√√√√ 1

T

T∑
k=1

∥x̂k − xk∥22. (30)

To evaluate filter consistency, we compute the NEES
and NIS statistics defined in (10)–(11). Consistency is
assessed using a χ2 hypothesis test with significance
level 0.05. Specifically, we compute the proportion of
NEES and NIS values that fall within the corresponding
confidence interval and compare it with the ideal target
coverage of 95%.

We compare the proposed HAKF with two baseline
approaches. The first baseline is a classical CV KF with
fixed transition matrix F and manually tuned process
noise covariance Q, representing the standard model-
based filtering approach commonly used for drone track-
ing. The second baseline is a purely learning-based model
implemented using a recurrent neural network (RNN) [37]
that directly estimates the system state from a window
of recent measurements and is trained using ground-truth
state supervision using (30). The RNN processes a fixed-
length window of measurement increments and outputs
the corresponding state estimate. Unlike KF methods, the
RNN baseline produces only point estimates and does
not provide a state covariance, and therefore statistical
consistency metrics are not evaluated for this model.

2. Classification
Model classification performance is evaluated using

trajectory-level accuracy. For each test trajectory the pre-
dicted label is produced once after processing the full
sequence and is compared to the ground-truth label. The
test set is approximately balanced across classes.

We compare the HAKF classification method based on
GBI framework with three baseline approaches. The first
baseline is a Random Forest [38] classifier that predicts
the drone model directly from features extract from the
measurement sequence. These features include summary
statistics of the observed motion such as velocity and
acceleration estimates derived from the measurements.

The second baseline augments the Random Forest
with filtering-based features. In this approach, a classical
CV KF is first applied to the measurement sequence
and statistical quantities derived from the estimated filter
states are used as input features for the Random Forest.
This baseline evaluates whether incorporating filtering-
based features alone can improve classification perfor-
mance.

The third baseline is a purely learning-based model
implemented using a RNN that processes the measure-
ment sequence and outputs the predicted drone model.
The network is trained using a cross-entropy loss function
with the Adam optimizer.

D. Hyperparameter Tuning

To ensure fair comparison across methods, hyper-
parameters for all learning-based models were selected
using grid search on validation datasets. For the RNN
and the MLP component of HAKF, we varied the hidden
dimension and number of layers. For the Random Forest
classifiers, the number of trees and maximum tree depth
were tuned.

V. Results

A. Estimation Performance

Table I reports the average state estimation accuracy
and statistical consistency on test trajectories from both
the DPJAIT real-world dataset and the AirSim simulation
dataset, averaged over 20 Monte Carlo runs. We com-
pare the proposed HAKF against the baseline methods
described in Section IV-C1.

Starting with the DPJAIT dataset, the classical KF
exhibits poor statistical consistency. In particular, the
NEES value (60.12%) is significantly below the ideal
target of 95%, indicating that fixed noise covariances can-
not adequately account for time-varying model mismatch
present in real flight dynamics. Although the NIS value is
closer to the target, this is largely due to the assumption
that Rk is known.

In contrast, the proposed HAKF substantially im-
proves both estimation accuracy and statistical consis-
tency. All HAKF variants achieve significantly lower
RMSE compared to the baseline KF. Among the tested
configurations, learning both the transition correction and
process noise covariance with the NLL loss (∆F,Q)∗

achieves the best overall performance, reducing RMSE to
206.32 while also achieving the lowest NLL. Importantly,
this configuration achieves estimation accuracy compara-
ble to the model trained using RMSE loss, despite not
requiring ground-truth state supervision during training.

To further evaluate performance when large training
datasets are available, we consider the AirSim dataset
containing approximately 105 training samples per drone.
In this setting, the purely learning-based RNN model
improves substantially compared to its performance on
the DPJAIT dataset, achieving an RMSE of 88.39. This
confirms that deep learning methods can outperform the
classical KF baseline when sufficient training data are
available. However, the proposed HAKF still achieves the
best overall performance.

The same trend observed in the DPJAIT dataset per-
sists, where the configuration learning both (∆F,Q)∗ pro-
vides strong statistical consistency (NEES 89.88%, NIS
94.03%) while maintaining RMSE performance compara-
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TABLE I
Average tracking accuracy and statistical consistency on unseen drone trajectories from the DPJAIT and AirSim datasets, averaged over Monte

Carlo runs. Training sample counts correspond to the number of points used to train the model.

DPJAIT (Train: ≈5500 samples per drone) AirSim (Train: ≈100000 samples per drone)

Method RMSE Loss ↓ NLL Loss ↓ NEES (%) NIS (%) RMSE Loss ↓ NLL Loss ↓ NEES (%) NIS (%)

KF (Fixed F,Q)‡ 311.44 12.71 60.12 92.67 160.54 14.24 66.12 91.92
HAKFQ (Q only)∗ 210.59 12.07 83.22 92.27 95.03 9.73 81.68 93.48
HAKF (∆F,Q)∗ 206.39 11.98 86.32 93.56 83.07 9.59 89.88 94.03
HAKF (∆F,Q)† 206.32 12.05 83.68 92.36 82.69 9.64 85.92 93.86
RNN (Pure ML)† 327.92 – – – 88.39 – – –

Target – – 95 95 – – 95 95

∗ Trained with NLL loss defined in (18). † Trained with RMSE loss defined in (30). ‡ KF F is fixed while static Q is manually tuned.

ble to the variant trained using RMSE loss. Furthermore,
unlike RNN models which only provide point estimates,
the HAKF produces full probabilistic state estimates,
enabling uncertainty quantification and statistical consis-
tency evaluation.

B. Classification Performance

Fig. 4 compares model classification accuracy across
both simulated and real-world datasets. We compare
HAKF’s GBI classification detailed in Section III-D with
the baseline methods described in Section IV-C2.

We first analyze the AirSim dataset, where the number
of training samples is systematically varied to study
performance under different data regimes. In the low-
data regime (fewer than 104 training samples), HAKF
consistently achieves higher classification accuracy than
the purely learning-based RNN model as well as the
Random Forest baselines. This validates the advantage of
incorporating model-based structure together with prob-
abilistic inference through GBI when training data are
limited in the classification setting.

As the amount of training data increases, the per-
formance of HAKF plateaus and converges with that of
the Random Forest methods. However, the RNN model
improves substantially and eventually surpasses the other
approaches in the high-data regime. This behavior is
expected since deep neural networks can learn highly
expressive nonlinear dynamics directly from data when
sufficient training samples are available. In contrast,
HAKF and Random Forest classifiers rely on structured
features derived from filtering and measurement statistics,
which introduce useful inductive bias in low-data set-
tings but can limit representational capacity in the large-
data regime. Despite this, the proposed HAKF maintains
strong performance in the high-data regime, achieving
approximately 84% classification accuracy.

We next evaluate classification performance on the
DPJAIT real-world dataset using approximately 5500
training samples per drone. The results show that HAKF
achieves the highest classification accuracy among all
tested methods. In contrast, the RNN model exhibits the
lowest performance on this dataset, indicating that purely

data-driven models struggle to generalize when training
data are limited.

VI. Conclusion and Future Work

This article introduced a self-supervised HAKF frame-
work that integrates model-based filtering with data-
driven learning for both state estimation and classification.
The proposed method augments a classical KF with a
neural network that learns corrections to the system dy-
namics and process noise covariance using only measure-
ment data. Within this framework, model classification is
performed using GBI based on the innovation likelihood
while maintaining the traditional filtering structure.

Experimental results on both real-world (DPJAIT) and
simulated (AirSim) datasets demonstrate that the proposed
framework improves estimation accuracy while achiev-
ing substantially better statistical consistency compared
to classical KF. For classification, HAKF shows strong
performance in low-data regimes where purely learning-
based methods struggle while still remaining effective
when larger training datasets are available. These results
highlight the advantage of combining traditional model-
based structure with data-driven adaptation across both
low-data and high-data scenarios.

Despite these advantages, the proposed framework
has several limitations. The adaptive dynamics correction
is structured and therefore cannot represent arbitrarily
complex nonlinear dynamics. Moreover, the current for-
mulation still relies on standard KF assumptions such as
white Gaussian noise. As a result, this method may fail
when the incorporated inductive bias is fundamentally
incorrect, and purely learning-based models may out-
perform when very large training datasets are available.
Future work will explore extending the proposed frame-
work to more expressive dynamical models and nonlinear
filtering formulations in order to address the limitations
and assumptions embedded in classical KF.

REFERENCES
[1] R. E. Kalman and R. S. Bucy, “New Results in Linear

Filtering and Prediction Theory,” Journal of Basic Engineering,
vol. 83, no. 1, pp. 95–108, Mar. 1961. [Online]. Available:

8 IEEE TRANSACTIONS ON AEROSPACE AND ELECTRONIC SYSTEMS VOL. XX, No. XX XXXXX 2026



1000 2000 3000 4000 5000 10000 20000 50000 100000
Training Data Size (Average Number of Training Samples per Drone)

50

60

70

80

90

100

Cl
as

sif
ica

tio
n 

Ac
cu

ra
cy

 (%
)

Low-Data Regime High-Data Regime

Random Forest
Random Forest + KF
HAKF (Proposed)
RNN (Pure ML)

(a) AirSim Test Dataset (2 Drones)
Random Forest RF + KF HAKF (Proposed) RNN

40

50

60

70

Cl
as

sif
ica

tio
n 

Ac
cu

ra
cy

 (%
)

(b) DPJAIT Test Dataset (3 Drones)
Fig. 4. Model classification accuracy across datasets. (a) AirSim simulated dataset showing performance as a function of average training

samples per drone. (b) DPJAIT real-world dataset using approximately 5500 training samples per drone.

https://asmedigitalcollection.asme.org/fluidsengineering/article/83/
1/95/426820/New-Results-in-Linear-Filtering-and-Prediction

[2] Y. Bar-Shalom, X. Li, and T. Kirubarajan, “Estimation with
Applications to Tracking and Navigation: Theory, Algorithms and
Software,” 2001. [Online]. Available: https://api.semanticscholar.
org/CorpusID:108666793

[3] D. Simon, Optimal State Estimation: Kalman, H Infinity, and Non-
linear Approaches, 1st ed. Wiley, May 2006. [Online]. Available:
https://onlinelibrary.wiley.com/doi/book/10.1002/0470045345

[4] R. Mehra, “Approaches to adaptive filtering,” IEEE Transactions
on Automatic Control, vol. 17, no. 5, pp. 693–698, Oct. 1972.
[Online]. Available: http://ieeexplore.ieee.org/document/1100100/

[5] L. Zhang, D. Sidoti, A. Bienkowski, K. R. Pattipati, Y. Bar-
Shalom, and D. L. Kleinman, “On the Identification of Noise
Covariances and Adaptive Kalman Filtering: A New Look at a 50
Year-Old Problem,” IEEE Access, vol. 8, pp. 59 362–59 388, 2020.
[Online]. Available: https://ieeexplore.ieee.org/document/9044358/

[6] X.-B. Jin, R. J. Robert Jeremiah, T.-L. Su, Y.-T. Bai, and J.-L.
Kong, “The New Trend of State Estimation: From Model-Driven
to Hybrid-Driven Methods,” Sensors, vol. 21, no. 6, p. 2085, Mar.
2021. [Online]. Available: https://www.mdpi.com/1424-8220/21/
6/2085

[7] J. Knoblauch, J. Jewson, and T. Damoulas, “Generalized
Variational Inference: Three arguments for deriving new
Posteriors,” arXiv: Machine Learning, 2019. [Online]. Available:
https://api.semanticscholar.org/CorpusID:212761273

[8] J. Rosner, T. Krzeszowski, A. Świtoński, H. Josiński,
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