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ABSTRACT

Model-based tracking algorithms often suffer from significant performance degradation when tracking maneu-
vering targets, primarily due to inherent uncertainties in target dynamics. To address this limitation, we propose
a novel ensemble-based approach that integrates multiple neural-aided Kalman filters, referred to as KalmanNet,
within a multiple-model framework, inspired by traditional interacting multiple-model (IMM) filtering tech-
niques. Each KalmanNet instance is specialized in tracking targets governed by a distinct motion model. The
ensemble fuses their state estimates using a Recurrent Neural Network (RNN), which learns to adaptively weigh
and combine the predictions based on the underlying target dynamics. This fusion mechanism enables the system
to model complex motion patterns more effectively and achieves lower estimation bias and variance compared
to relying on a single KalmanNet when tracking maneuvering targets, as demonstrated through extensive simula-
tion experiments. Furthermore, we introduce an explainable, innovation-based attention mechanism to enhance
the interpretability of our results, inspired by traditional model-based tracking algorithms, that aids the iden-
tification of target motion dynamics. Our findings indicate that this attention mechanism improves robustness
to sensor noise, out-of-distribution data, and missing measurements. Overall, this innovative approach has the
potential to advance state-of-the-art target tracking applications.

1. Introduction

Target state estimation is a critical task in target tracking. Accurate
target state estimation can be achieved by the implementation of a re-
liable and consistent tracking algorithm. In the framework of Bayesian
recursive state estimation, this task is addressed by applying mathemati-
cal models that accurately represent the dynamic state of the target over
time.

In 1960, Kalman introduced the Kalman Filter (KF), a pioneering op-
timal estimator for linear systems with Gaussian noise. The KF’s minimal
complexity and solid theoretical foundation made it an ideal solution
for state estimation in discrete-time systems adequately described by SS
models.

In systems with strongly nonlinear dynamics, relying on linearization
can introduce substantial errors, sometimes resulting in filter divergence
or unreliable state estimates. The Unscented Kalman Filter (UKF) [1] ad-
dresses these issues by using the unscented transform, which propagates
a set of carefully chosen sigma points through the nonlinear system. This
method sidesteps the need for explicit linearization and avoids the ap-
proximation errors associated with Jacobian computations, while still

* Corresponding authors.

achieving second-order accuracy for the mean and covariance of the
state estimate.

When the distribution of target states is non-Gaussian, as in cases
where external constraints restrict movement, Particle Filter (PF) [2] of-
ten outperforms Gaussian-based filters. By representing the probability
distribution with weighted samples, named particles, the PF can more
accurately capture complex distributions, and it can incorporate non-
linear constraints directly through importance sampling. It should be
highlighted, nonetheless, that as the PF accuracy rises with the num-
ber of particles collected to approximate the posterior distribution, the
computational complexity is significantly impacted.

However, tracking targets that exhibit erratic maneuvers remains a
significant challenge for the sensor fusion community. As Li and Jilkov
proposed [3], accurate modeling of the target’s motion is crucial for
optimal tracking. Representing target dynamics as a jump Markov pro-
cess is a useful approach, especially when these dynamics are subject
to change over time. This approach involves modeling the target’s dy-
namics using a set of state-space models, where each model represents a
specific dynamic behavior. At each time step, the target’s motion can be
described by one of these models. Among the algorithms that utilize this
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approach, the Interacting Multiple Model (IMM) algorithm has proven
to be highly effective for tracking maneuvering targets [4].

The unpredictable nature of target movements, particularly in com-
plex and non-linear environments, demands the creation of stable, ro-
bust algorithms. Tracker performance may degrade without effective
maneuver detection and compensation, potentially causing filter di-
vergence [5,6]. Thus, ongoing advancements in algorithms capable of
managing these challenges are crucial for maintaining the safety and
effectiveness of tracking systems.

At the same time, recent Deep Learning (DL) advancements have
shown significant promise in real-world applications. Recurrent Neu-
ral Networks (RNNs), in particular, Long Short-Term Memory (LSTM),
Gated Recurrent Unit (GRU) [7], and, more recently, Transformer-based
architectures, have been proven to be effective in analyzing sequential
data and have been efficiently applied to state estimation [8,9].

Neural networks (NN), capable of learning complex patterns from
data, offer a promising solution for Maneuvering Target Tracking (MTT).
By learning directly from data, NNs can adapt to dynamic scenarios,
reducing reliance on predefined analytical models.

In [10], Liu et al. introduced DeepMTT, a stacked Bidirectional LSTM
(BiLSTM)-based neural architecture, which captures temporal depen-
dencies from radar observations in a sliding window, producing correc-
tion terms for state estimates generated by a UKF. Due to the promising
tracking performance, it established a new state-of-the-art baseline for
MTT solutions, particularly in the Air Traffic Control (ATC) domain.

In [11], Liu et al. develop an NN-based tracking system that lever-
ages angular velocity estimation to predict state transitions during target
maneuvers. The system effectively detected maneuvers, offering an effi-
cient alternative to traditional IMM frameworks, overperforming against
[10].

In [12], Zhao et al. exploited a Transformer-based encoder pro-
cessing radar measurements to provide improved temporal insights for
a Temporal Convolutional Network (TCN) to provide accurate target
state estimates, decoding the extracted features. Subsequently, in [13],
Zhang et al. further refined Zhao’s approach by proposing a Trans-
former for Maneuvering Target Tracking (TrMTT), an encoder-decoder
Transformer-based architecture reaching better tracking performance.

While the aforementioned approaches demonstrate strong tracking
performance, their practical utility is limited by a reliance on sliding
window buffering and moving average smoothing. The majority of these
methodologies process radar measurements in an end-to-end manner, a
factor that restricts the integration of a priori knowledge via analyti-
cal models. In contrast, DeepMTT operates in a manner that deviates
from the conventional end-to-end fashion. Instead, it employs the uti-
lization of NNs to rectify the posterior state estimates generated by a
UKEF, thereby facilitating the integration of prior knowledge. However,
as with the other approaches, its real-time applicability is constrained
by the sliding window and averaging mechanisms.

From an industrial point of view, preserving some degree of inter-
pretability in the tracking system is crucial, as it enables proper under-
standing of errors and the design of countermeasures to improve robust-
ness and adaptability to different scenarios. In this context, limiting the
integration of NNs within the Bayesian framework to specific tasks ap-
pears to be a key approach for achieving both an explainable NN-based
tracking system and improved performance.

In [14], Deng et al. integrated an LSTM-based NN with the tradi-
tional IMM filter to predict motion model probabilities, to optimize
model interaction and filtering, reducing recognition delays and esti-
mation errors.

In [15-17], an NN-integration into the KF framework is pro-
posed, named Mnemonic KF. It uses an LSTM-based NN to di-
rectly learn target dynamics from data rather than defining the mo-
tion model analytically. That allowed for increased tracking perfor-
mance in their simulations when model mismatch occurs in tra-
ditional model-based (MB) filtering. Similarly, in [18], segments
of radar measurements are processed to derive a linear form
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of the motion model for a KF. In [19], an effective fusion of
data-driven and MB target dynamics is proposed to enhance tracking
performance by learning a balancing coefficient that replaces the tradi-
tional Kalman gain within the KF framework. In [20,21], Yan et al. inte-
grate memory-augmented GRUs into a Bayesian framework to address
analytical model mismatches, capture complex recurrent maneuvering
patterns, and enable data-driven fusion of noisy sensor measurements.
This approach improves the modeling of target dynamics and enhances
tracking robustness.

Very recent efforts have focused on integrating NNs within the
Bayesian recursive estimation framework to improve target tracking
performance. For example, Shen et al. [22] proposed the Maneuver
Compensation Strong Tracker (MCST), which incorporates a Bi-LSTM ar-
chitecture with maneuver compensation and attention modules, while
maintaining the recursive prediction-update structure of Bayesian fil-
ters. Similarly, Lin et al. [23] introduced an Attentional Filtering (AF)
framework that replaces the Kalman gain with a learned attention mech-
anism to balance MB priors and sensor-derived evidence. While both
approaches produce competitive results, they also highlight the ongo-
ing challenge of combining data-driven components with MB filtering,
particularly with regard to addressing uncertainty and ensuring gener-
alisability.

In our previous work [24], we experimented with an ensemble ar-
chitecture resembling the IMM framework fusing state estimates from
data-driven KFs, known as KalmanNets from [25]. Each KalmanNet uses
a different motion model, while the ensemble architecture learns to fuse
them by dynamically computing target mode likelihood and predicting
a correction term for each of them, compensating for model mismatch.

In this work, we revisit the architecture in [24], improving its ability
to adapt to various scenarios, and we also propose some modifications to
its computational framework that improve its performance. In summary,
the main contributions of the work are:

¢ Designing an ensemble-based tracking framework that fuses multiple
specialized KalmanNet models through an RNN, enabling adaptive
state estimation across diverse motion patterns and significantly im-
proving performance on maneuvering targets.

Addressing the problem of Multi-Task Learning (MTL) by formulat-
ing target motion mode estimation as an auxiliary task, leading to
effective overfitting reduction.

Introducing an interpretable and explainable innovation-based at-
tention mechanism, conceptually inspired by Bayesian recursive fil-
tering, in particular, the IMM filter, that guides both motion mode
estimation and ensemble prediction by emphasizing the most prob-
able motion model.

Proposing a comprehensive experimental evaluation capable of dis-
tinguishing performance across a wide range of parameters that
characterize real-world scenarios. This includes analysis of the pro-
posed approach’s sensitivity to out-of-distribution trajectories, vary-
ing measurement noise levels, and missing measurements. To the
best of our knowledge, this constitutes a novel evaluation framework
for data-driven tracking systems.

The remainder of the paper is divided as follows: in Section 2 we
introduce the problem of MTT and recall how MB frameworks and the
KalmanNet [25] tackle it; in Section 3 we describe the ensemble ar-
chitecture, introducing the innovation-based attention mechanism; in
Section 4 the experimental setting is presented and the tracking results
are analyzed; finally, in Section 5, we draw some conclusions by com-
menting on the merits and demerits of the proposed MTT methodology,
listing possible future developments and the most promising research
directions.

2. Problem formulation

Let 1 € N be a discrete-time instant at which we aim to estimate
the target state x,, comprising both cartesian position and velocity
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Fig. 1. KalmanNet architecture configuration #1. Image adapted from [25].
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Fig. 2. KalmanNet architecture configuration #2. Image adapted from [25].

components, based on the available sequence of measurements up to
time ¢ by the sensor z;., = {z. ..., z,}. The Bayesian recursive frame-
work identifies two consecutive steps for measurement filtering, i.e.,
prediction and update steps. The prediction step models the target dy-
namics, expressing the probability density function of the target’s state
from ¢ — 1 to ¢ conditioned on the available information at time ¢z — 1,
regardless of the sensor’s measurement at time ¢, namely:

PO Zt) = / AT N oW )

known as the Chapmann-Kolmogorov equation.
The predicted state is then updated considering the incoming sensor
measurements at time 7 by using the Bayes’ theorem, yielding:

p(xrlz();y) 53 p(zylxr)p(xtlxy—]) (2)

The Kalman Filter poses some assumptions on the problem to find an
analytical solution to eq. (1), which is intractable: the process is a first-
order Markovian chain, meaning that the transition from ¢ — 1 to 7 only
depends on the information in ¢ — 1 and not on the previous timesteps;
states are distributed as Gaussian. Thus, the two-step Bayesian recursive
filtering framework is replaced with the following equations, describing
a KF recursion:

Information Fusion 127 (2026) 103777

1. Predict:
Re1 =F - X 3)
Shmr =F e FL + Qi 4

2. Update:
Az, =z, —H,_| - %y 5
St\r—l = Ht—lﬁth—lH;I;] +R,_ (6)

- a1l

K= Er\r—lHLSnH ™
X = 56,|,,1 + K, - Az, 8)
irh = ir\t—l - lCrSrh—lICxT ©)

The IMM filter considers multiple models, as KFs running in paral-
lel, named target modes, to compensate for possible model mismatches
while tracking maneuvering targets. The accurate computation of the
target modes’ probabilities is crucial for mixing their state predictions
properly. Two additional steps are introduced: interaction step before the
prediction step that mixes the updated state at time ¢ — 1 with the modes’
probabilities, modes’ probabilities update step after individual filters’ up-
date step to compute the conditional likelihood of each mode based
on the current sensor measurement and adjust the probabilities accord-
ingly. That results in a weighted combination of the target modes.

The KalmanNet proposes a data-driven adaptation to the KF frame-
work, which can compensate for misconfigured parameter identifica-
tion in the definition of the state transition variance or the measure-
ment likelihood model variance, i.e., the matrices Q and R. The original
formulation proposes two architectures whose scope is to compute an
adaptive Kalman Gain K, exploiting GRU’s ability to extract temporal
relationships [25]. They differ in the computation of the variances that
affect state prediction and measurement uncertainty, which are fixed
and defined a priori in architecture 1, shown in Fig. 1. At the same time,
specific GRUs are designed to keep track of them during filtering in ar-
chitecture number 2, displayed in Fig. 2. We adopted the KalmanNet in
configuration #1 as the Ensemble’s base filter due to its improved abil-
ity when considering linear models [25], as we did in our experiments
in Section 4.

3. Ensemble of data driven Kalman filters for MTT

In this section, we first revisit the architecture proposed in [24] and
introduce a novel attention mechanism, inspired by the IMM workflow,
based on normalized squared innovations derived from MB filters. This
mechanism further enhances both classification and tracking robustness
in complex scenarios while providing interpretable target mode classi-
fication.

3.1. Ensemble of KalmanNets

The Ensemble architecture integrates predictions from multiple
KalmanNets, each using a different motion model to filter sensor mea-
surements. The block diagram of the computational graph is illustrated
in Fig. 3. The architecture consists of two task-specific branches: the
correction branch and the classification branch.

Let M = {CV,CT,,,«.CT;,} be the set of motion models used by
KalmanNets for filtering sensor measurements. Here, CV represents a
nearly Constant Velocity model, while CT describes a Coordinated Turn
motion with a fixed turn rate in the xy-plane. The notations CT,,,, and
CT,,;, correspond to turn rates of +10°/s and —10° /s, respectively.

In the correction branch, sensor measurements are first filtered by
the KalmanNets, each producing an a posteriori state estimate 5‘:'\1;’ me
M. These estimates are concatenated along the state dimension, normal-
ized using Instance Normalization (IN) [26], and processed by an LSTM
to extract temporal dependencies. IN ensures that input features remain
normalized while preserving temporal variations, making it particularly
suitable for tracking tasks.
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Fig. 3. Ensemble model with track correction and motion mode estimation. The classification branch, which processes raw sensor measurements, is placed in the
lower branch, while the correction branch, which processes posterior state estimates from the KalmanNets, is placed in the upper branch. Image adapted from [24].

To mitigate model mismatches in KalmanNet predictions, a fully con-
nected (FC) layer is assigned to each KalmanNet to process the LSTM’s
hidden state, and generate correction terms §;", m € M. This design al-
lows each FC layer to specialize in refining the state estimates of a spe-
cific motion model. The corrected state estimates are then computed as
follows:

= t|t +67", meM. (10)

In parallel, the classification branch processes the raw sensor mea-
surements. These are normalized using IN and passed through an LSTM
module followed by an FC layer, which predicts the probability of each
motion mode, p', m € M.

The final fused state estimate is obtained by computing a weighted
sum of the corrected state estimates, using the predicted probabilities
as weights:

cfused _ an

where ) . 5" = 1, after normalization by Softmax operator.

While KalmanNets improve over traditional filtering methods, such
as the KF, they remain susceptible to model mismatch during target
maneuvers, which can degrade their learned adaptability. If these mis-
matches are not promptly detected and corrected, tracking performance
may suffer. As in the IMM filter, rapid maneuver detection and adapta-
tion are critical. However, traditional IMM filtering often falls short in
demanding applications.

The proposed architecture leverages the ability of LSTMs to capture
complex temporal dependencies, enhancing the prediction of correction
terms to counteract model mismatches and dynamically adapt to target
maneuvers. By integrating both correction and classification, the archi-
tecture not only improves the accuracy of individual KalmanNets but
also maintains interpretability by preserving explicit motion mode se-
lection. Moreover, the flexibility to include or remove models makes the
system adaptable to different tracking scenarios, whether dealing with
highly maneuverable or slower-moving targets.

We will refer to this architecture as “EnsKNets” below.

3.2. Innovation-based attention mechanism

To preserve the interpretability of the IMM workflow, we introduce
the innovation-based attention mechanism, as illustrated in Fig. 4, in the
Ensemble of KalmanNets filtering method.

Drawing inspiration from the IMM filter, we designed an attention
mechanism based on the normalized squared innovation at the current
timestep, given by:

=@z S - Az (12)
where m € M, Az]" is the innovation term, and S,lt | is the innovation
covariance, Wthh can be derived from each KalmanNet during their
processing through Egs. (5) and (6), respectively.

Rather than processing raw sensor measurements and KalmanNets
posterior state estimates, in the case of the classification and correction
branches, respectively, we compute the attentioned posterior state esti-
mate as the input for both branches as follows:

Z Softmax(Az") - % (13)

meM

t|t

fort=1,...,T.

This innovation-based attention mechanism enhances the explain-
ability of the neural filter by providing an interpretable, distance-based
attention strategy for motion mode selection. It is inspired by the mode
likelihood computation in the IMM framework during the update of
mode probabilities, where the likelihoods £ of each mode are com-
puted as:

i exp(—3(Az)T v(Sj'l’, D7l AZm s
T 2am/2 . | 1|l/

where m € M and |Sr|, | is the determinant of the m-th innovation co-
variance matrix. The purpose of this attention mechanism is to generate
contextual information x{ that emphasizes the most probable motion
mode in the Bayesian sense, that is, by fusing the a priori state estimates
%,—1 produced by each motion model with the current sensor observa-
tion z,. Moreover, by processing posterior state estimates rather than
raw sensor measurements, the classification branch is allowed to focus
solely on predicting mode probabilities, rather than learning the noise
characteristics that are already filtered out by the KalmanNets.
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Fig. 4. AttEnsKnets model for the ensemble of KalmanNets state estimates. The major difference from the architecture in Fig. 3 lies in the introduction of the
innovation-based attention mechanism that produces contextual information focusing Ensemble’s correction and classification branches on the most likely motion

model in a Bayesian sense at each timestep.

As in the previous architecture in Section 3.1, KalmanNet posterior
state estimates are refined by computing correction terms 6", m € M.
The key difference, however, is that these corrections are now generated
based on the contextual information x;, rather than on the concatena-
tion of posterior state estimates from the KalmanNets.

We will refer to this architecture as "AttEnsKNets" below, highlight-
ing the introduction of the attention mechanism.

3.3. Loss function for multi-task learning

To accurately predict correction terms and motion modes probabil-
ities, which are configured as a regression and a classification task, re-
spectively, a combined, multi-task loss is designed. Therefore, the loss
function will comprise a regression term aiming at reducing the gap be-
tween the overall state predictions and the ground truth states, and a
classification term to properly predict the target’s motion mode.

Multi-Task Learning (MTL) is a machine learning paradigm that
seeks to improve the generalization performance of multiple related
tasks by learning them jointly. The central idea is to leverage the shared
information embedded in related tasks to develop more accurate models
for each task. Under the assumption that the tasks are related, either all
or a meaningful subset, joint learning has been shown both empirically
and theoretically to outperform learning tasks in isolation. MTL serves
as a form of inductive transfer, allowing knowledge gained from one
task to benefit the learning of others. This approach is particularly ef-
fective in settings where tasks share underlying structures or represen-
tations, enabling improved data efficiency, robustness, and predictive
performance across tasks [27,28]

Let x,gt be the ground truth target state at time 7, the regression task
loss penalizes the Mean Squared Error (MSE) between the fused state
prediction %] zfused and the ground truth target state:

& ~fused _

n,t

BT (sfused _ 8 as)

n,t

M'ﬂ

N
1
ﬁregr =NT Z

n=1t=1

where N is the number of samples, and T is the total number of time
steps in the n-th trajectory.

Regarding the classification of the target mode probabilities, Cross
Entropy (CE) loss has been used, which has the following form:

z Zy log , (16)

meM t=

Lee =

where y}" is the one-hot encoding of the actual target mode at time 1.

However, due to the potential disparity in scale between the MSE
used for the regression task and the CE loss employed for the classifi-
cation task, the gradients associated with the regression objective may
dominate the optimization of the combined loss function. This imbal-
ance can lead the model to prioritize minimizing the MSE of the esti-
mated target state, irrespective of correctly identifying the target’s mo-
tion mode. To address this issue, normalizing the losses of each task
brings their values to a comparable scale, thereby mitigating bias in the
learning process and promoting a more balanced optimization across
tasks.

To this end, we first define a baseline value for both the regres-
sion and classification tasks. Let £ce denote the CE loss when p" =
1/IM|, Vm,t, and let Lge denote the MSE obtained by averaging the
outputs of the KalmanNets without applying any correction. The nor-
malized CE is thus defined as:

- Lee
ce = = (17)
Lce
and the normalized MSE assumes the form:
_ Lregr
Eregr == g . (18)
Lmse

The overall loss function is thus a linear combination of the two task
losses, resulting in:

L = Lregr +4ce - Lee (19)

being Ace the weighting coefficient of the classification task, which pro-
vides a tuning parameter to decide on the importance associated with
the classification task.

4. Experiments and results

Filtering methods are evaluated in Root Mean Squared Error (RMSE),
to provide a practical measure of the filtering accuracy, computed as
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Table 1
Simulation parameters ranges for training, validation, and test set generation.
Parameter Training Set Validation Set Test Set
N 50000 5000 1000
T 200 s 200 s 200 s
At ls ls 1s
number of switches  [1; 4] [1; 5] [15 6]
o, [8.; 13.] m/s? [5.; 15.] m/s? [5.; 20.] m/s?
o, 10, 20, ..., 100 m 10, 20, ..., 100 m 10, 20, ..., 100 m
6, 0.10, 0.20, ..., 1.0°  0.10, 0.20, ..., 1.0°  0.10, 0.20, ..., 1.0°
Initial distance [50; 150] km [50; 150] km [50; 150] km
Initial azimuth [—180; +180] ° [—180;+180] ° [—180; +180] °
Initial velocity [50;400] m/s [50;400] m/s [50;400] m/s
® [-10; +10] °/s [-10; +10] °/s [—12; +12]°/s
follows: The radar-based sensor measurements capture target range and az-
imuth, and are modeled as follows:
t)2 _
RMSE, = (%0 = &) (20) [2 42
'n g:‘ n,t n,t [gt] — pxt py[ + ut’ ur ~ J\/‘(o’ R) (28)
t _atan2(py,,px,)
where n =1, ..., N is the n-th sample in the set. o2 0
Furthermore, accuracy is used to assess the correctness in predicting R= Or 02] (29
, . . . A 0
the target’s motion mode for multiple models filtering methods, and it
follows: z, = Pr C?S o (30)
p,sin 6,

ACC, = %

M=

1()7",1 = Yn,t) 2D

t:

where j,, is the predicted target mode in timestep 7, y,, is the true
one, and 1 is an indicator function that returns 1 whether the condition
in brackets is satisfied.

In the following experiments, the first 10 timesteps are excluded
from the computation of the metrics to allow the IMM filter sufficient
time to converge from its initial transient phase.

A large corpus of 2D trajectories is generated using SS models and
simulation parameters inspired by real ATC scenarios. Although aircraft
operate in the 3D space, their primary maneuvers occur in the xy-plane,
and the z-axis can be neglected for tracking purposes. The simulations
assume the targets can perform a CV or a CT motion model, whose equa-
tions, reported below, are derived from [29].

Let X, = [Py Vs Py Uy " be the state vector in the xy-plane at time
t describing the position and velocity in Cartesian components, and let
At denote the time interval between consecutive timesteps. From [30],
we define the CV motion model as:

X, =Fep X2y + 05, 0~ N(0,Q,,) (22)
1 At
FooL® [0 ; ] @3)
st an
— 2
ch = IZ ® [é A212:| : O_q (24)
2

being I, the identity matrix, ® the Kronecker product, and 53 describes
the variance of unmodeled acceleration. The CT motion model refers to
the Coordinated Turn with a fixed turn rate and follows:

X =Fy Xy + 0, v, ~ N(0,Q,) (25)
1 sin wAt 0 cos wAt
@ w
0 cos wAt 0 —sinwAt
Fct = 0 1—cos wAt 1 sin wAt (26)
@ w
0 sin wAt 0 cos wAt
st sl
Q=L |k AZIZ] o, @7)
2

where w represents the turn rate.

where o6,, 0y, are the standard deviations of the range and azimuth, re-
spectively. The parameters for the generation of the training, validation,
and test sets trajectories and their respective measurements are listed in
Table 1.

We trained three KalmanNets that constitute base filters for the En-
semble, each of them uses a CV motion model (CV KalmanNet), a CT
model with turn rate = +10 °/s (named CT,,, KalmanNet), and a CT
model with turn rate w = —10 °/s (CT,,;, KalmanNet), respectively.

KalmanNets are trained using AdamW [31] optimizer, with learning
rate Ir = 10™* and weight decay wd = 1072 for 10 epochs having a batch
size of 128 samples. Trained KalmanNets are integrated into the archi-
tectures in Figs. 3 and 4. The AdamW optimizer has also been used for
both architectures with /r = 5-10~* and wd = 1072.

As in the case of the IMM filter, we treat the classification of the tar-
get’s motion mode as an auxiliary task, acknowledging that the selection
of the appropriate motion model is inherently prone to uncertainty. For
instance, different turn rates may be selected for CT motion models, or
models that account for target acceleration may be included within the
filter bank. To reflect the auxiliary nature of this task and control its
influence on the overall optimization, we set Ace = 0.1.

For both the architectures in Figs. 3 and 4, the LSTMs have both 64
neurons and stack 2 recurrent cells on top of each other; we used dropout
[32] with probability 0.2 to prevent overfitting after each LSTM layer.

For both EnsKNets and EnsKNetsAtt, training took approximately 2 h
for 500 epochs on an NVIDIA RTX A5000 GPU.

In the experimental evaluation, the proposed approach is compared
against the IMM filter and several state-of-the-art data-driven filters.
These include both filters integrated within the Bayesian recursive esti-
mation framework, such as DeepMTT [10] and Mnemonic KF [16], and
end-to-end approaches, such as TrMTT [13].

The uncertainty parameters of all MB filters, namely the process
noise covariance Q and the measurement noise covariance R, are con-
figured based on the guidelines provided in [29] and [33]. Specifically,
we set o, = 10. and o, = 1/1250 for all motion and measurement models
used by both the KalmanNets and the IMM filter. In contrast, the UKF
employed in the DeepMTT framework processes sensor measurements in
polar coordinates and uses the following measurement noise covariance
matrix:

502 0.
R =
[ 0. 0.52]
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Summary table of metrics in the validation set for the ablation studies in Section 4.1 with empirical
mean y and standard deviation ¢ per configuration.

RMSE all | RMSE pos [m] | RMSE vel [m/s] | ACC % 1
M c M o M c M c
Avg KalmanNets 249.01 129.34 341.25 184.07 79.48 28.77 33.25 30.72
Classification Branch 240.57 126.27 330.25 179.19 74.71 29.69 72.93 18.43
Correction Branch 228.65 105.35 317.10 149.11 59.61 20.54 33.25 30.72
EnsKNets [24] 218.17 97.72 302.14 138.41 58.78 19.70 74.57 17.05
AttEnsKNets 206.05 100.04 285.30 141.88 55.28 18.81 79.12 17.23
0.025 1
IMM 1 IMM
00030 Mnemonic KF Mnemonic KF
00025 DeepMTT 00201 1 DeepMTT
TMTT 1 TrMTT
0.0020 AttEnsKNets 0.015 4 AttEnsKNets
0.0015
0.010 1
0.0010
0.005 4
0.0005
N
0.0000 T T T T T T T T 0.000 T — T T T T 1
0 200 400 600 800 1000 1200 1400 [ 150 200 250 300 350 400

error [m]

error [m/s]

Fig. 5. RMSE distribution in position and velocity estimation per filtering method when tracking trajectories in the test set of Section 4.

Moreover, the transition probability matrix for the IMM filter is set to

095 0.025 0.025
I1=0.05 0.7 0.25
005 0.25 0.7

The number of layers and hidden units for DeepMTT are adopted
from [10], along with the sliding window configuration, which is set
to 5 timesteps and advances by 1 timestep at a time, as originally de-
scribed. The architecture of the Mnemonic Kalman Filter (Mnemonic KF)
follows the specifications in [16] with respect to the number of layers
and neurons used in the LSTM. Similarly, the architecture of TrMTT is
based on [13]. However, in the original formulation, the sliding window
spans 100 timesteps and slides forward by 25 timesteps, which would
require maintaining a large measurement buffer and result in a delay
of 100 s before producing the first prediction. To alleviate this limita-
tion, we configure the sliding window to cover 25 timesteps, sliding by
5 timesteps at a time.

Notably, this requirement for measurement accumulation constitutes
a practical limitation for both DeepMTT and TrMTT, whereas it does not
affect filters that operate on a per-timestep basis.

All data-driven methods are trained on the same training set, and the
parameter setting providing the best validation loss is saved and used
for testing purposes.

4.1. Ablation studies

We assessed the effectiveness of the proposed approach through a
series of ablation experiments. Specifically, we evaluated four differ-
ent configurations to isolate the contributions of each component to the
overall performance:

(I) an ensemble that relies solely on the classification of the target mo-
tion mode, named “Classification Branch” in Table 2 accordingly;
(I1) the model without the correction branch, thus named “Correction
Branch” in Table 2;
(III) the original Ensemble of KalmanNets as proposed in [24];
(IV) the full model including the innovation-based attention mechanism
described in Section 3.2.

These four configurations are compared against a baseline in which the
outputs of all KalmanNets are simply averaged at each timestep, without
leveraging either the classification or correction branches. This baseline,
referred to as “Avg KalmanNets,” represents a naive ensemble strategy
with no adaptive weighting or task-specific enhancement. When the
classification task is excluded from a given configuration, i.e., when
only the correction branch is active, we assume uniform mode prob-
abilities across the ensemble components, assigning equal likelihood to
all target motion modes. The results on the validation set, summarized
in Table 2, demonstrate that the incorporation of the innovation-based
attention mechanism significantly improves both robustness and gen-
eralization. Not only does this enhancement lead to a lower RMSE in
state estimation, but it also results in improved accuracy in selecting
the correct target motion mode, highlighting the benefit of integrating
mode-aware contextual information into the ensemble.

4.2. Evaluation

By analyzing the distribution of the RMSE for the filtering methods
operating on the test set trajectories described in Section 4, displayed
in Fig. 5 and whose estimated mean and standard deviation are sum-
marized in Table 3, the proposed AttEnsKNets demonstrated overall su-
perior performance in both position and velocity estimation, as well as,
notably, a better estimation of the target motion mode when compared
to the IMM filter. Notably, DeepMTT shows competitive performance in
the estimation of the target velocity, but performs worse in the estima-
tion of the position when compared to the proposed method.

The IMM filter exhibits higher variance in its RMSE distribution
compared to both ensemble-based methods, as illustrated in Fig. 5. This
increased variability likely arises from the suboptimal adaptation of its
fixed, predefined parameters when applied to the diverse set of target
trajectories observed under heterogeneous sensor configurations in the
test set. Although these parameters may yield satisfactory performance
in certain controlled scenarios, they tend to lack robustness and gener-
alizability across a broader range of operational conditions. In contrast,
hybrid MB/data-driven and purely end-to-end methods offer intrinsic
advantages by eliminating the need for manual and precise parameter
initialization. Their data-driven architecture facilitates automatic
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Table 3

Summary table of metrics when tracking trajectories in the test set of Section 4 with empirical mean

u and standard deviation ¢ per filtering method. For filtering methods that do not account for target

motion mode estimation, accuracy (ACC) is not available (n.a.).

RMSE all | RMSE pos [m] | RMSE vel [m/s] | ACC % 1

M c 1% o M o M c
IMM 397.92 271.54  505.94 336.87 244.75 186.53  40.61 19.70
Mnemonic KF [16] 507.24 294.53  685.85 434.06  157.01 68.10 n.a.
DeepMTT [10] 255.59 231.74  356.30 326.96  57.53 29.82 n.a.
TrMTT [13] 251.39 145.95 345.63 208.38 72.97 28.07 n.a.
AttEnsKNets [ours] 187.18  96.93 258.18 137.24 54.19 20.86 81.99 14.42

10000

5000

y [m]

=5000

-10000

Radar Measurements
GT

IMM

Mnemonic KF
DeepMTT

TMTT

AttEnsKNets

-56000 —54000 -52000

~50000
x [m]

-48000 ~46000 ~44000

Fig. 6. Target tracking result from the test set in Section 4 on the xy-plane.

adaptationm to varying sensing environments, enabling more stable
and consistent performance across the full spectrum of test conditions.

In Fig. 6, a sample trajectory from the test set in Section 4 with re-
sulting tracks from the considered filtering methods is displayed.

Fig. 7a presents the position RMSE over the simulation time for the
tracks generated by the filtering methods on 100 Monte-Carlo (MC) sim-
ulations of the trajectory depicted in Fig. 6. Similarly, Fig. 7b illustrates
the RMSE of the estimated target velocity for the same trajectory. In
both position and velocity estimation, AttEnsKNets demonstrates over-
all superior performance. It is worth noting that DeepMTT shows higher
accuracy in velocity estimation than in position estimation, and it out-
performs other filtering methods during certain intervals of the trajec-
tory. However, its performance degrades when the target’s motion de-
viates significantly from the motion model assumed by the underlying
UKEF responsible for filtering, that is, the CV mode.

Overall, AttEnsKNets achieves the lowest average RMSE in estimat-
ing the target state—considering both position and velocity-across 100
MC simulations of the evaluated trajectories. Specifically, the average
RMSE values for each method are as follows: 165.15 for IMM, 275.22
for Mnemonic KF, 551.91 for DeepMTT, 136.88 for TrMTT, and 130.36
for AttEnsKNets. s

Finally, Fig. 8 shows the motion mode classification for the IMM and
AttEnsKNets. In summary, the data-driven classification of the target’s
motion mode exhibits superior accuracy across the simulation compared
to the IMM filter, with the AttEnsKNets providing the most accurate
performance on the trajectory in Fig. 6, reaching 84.50% of accuracy,

and the IMM filter, which only estimated the correct motion mode in
47.50% of the whole simulation.

4.3. Noise robustness analysis

In this section, robustness to sensor noise is evaluated by analyz-
ing the methods’ performance over the same test set while isolating the
noise component. That is, the N = 1000 generated trajectories in the test
set of Section 4 share identical dynamics, in terms of mode switching,
initial position and velocity, and unmodeled acceleration, but measure-
ments are performed using a single combination of sensor noise param-
eters, i.e., o, and oy, at a time. This enables a comprehensive analysis of
tracking performance under increasing noise levels, which we believe
provides valuable insights into the robustness of the tracking systems.

It is well established in the literature [29,34] that measurement er-
rors in the polar coordinate system do not translate uniformly into the
Cartesian frame. Specifically, the error propagation differs between the
range and cross-range directions when measurements are transformed
into Cartesian components. Neglecting the cross-covariance terms, one
can derive a linear relationship between the variances along the Carte-
sian axes and the variance in the range measurement, i.e., a)z(,gﬁ x arz.
However, when accounting for azimuth uncertainty, the Cartesian vari-

ances become dependent on the target’s distance, such that 2,02

¥y
- 03. This implies that perturbations in azimuth measurements are sig-
nificantly amplified for long-range targets, a condition representative of
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Fig. 7. Tracking results over 100 Monte-Carlo runs for the trajectory example in Section 4 and displayed in Fig. 6, in particular: (a) RMSE in position estimation of
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Fig. 9. Average RMSE against increasing azimuth noise levels for each filtering method tracking trajectories in the test set of Section 4.
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Fig. 10. Average RMSE against decreasing target detection probability for the test set in Section 4 for each filtering method.

the settings described in Section 4, compared to those originating from
range measurement noise.

As a consequence, analyzing the RMSE performance of the filter-
ing methods with respect to variations in the range noise variance 5,2,
while keeping the azimuth variance ag fixed, offers limited insight, as
the resulting performance differences are expected to be negligible in
that direction. Therefore, to better assess the noise sensitivity of the fil-
tering methods under realistic conditions, we perform our analysis by
varying the azimuth noise variance ag, while fixing the range standard
deviation at 62 = 50 m, which approximately corresponds to the average
range noise level observed in the test set of Section 4.

The results of the noise sensitivity analysis are summarized in Fig. 9.
This analysis confirms that the architecture introduced in Section 3
demonstrates increased robustness to elevated levels of sensor noise
when compared to the IMM filter. Overall, the IMM filter displays a
higher sensitivity to noise perturbations, whereas, except for Mnemonic
KF, the hybrid MB/data-driven approaches, as well as TrMTT, demon-
strate greater robustness to noise variations when compared to the IMM,
with AttEnsKNets consistently exhibiting superior overall tracking accu-
racy among all the considered filtering methods.

4.4. Robustness to missing measurements

In real-world applications, sensors are susceptible to missing mea-
surements for several reasons that might depend on both the sensor itself
and the target. In this situation, the Bayesian-based tracking system can-
not rely on measurements to update the prior distribution using Bayes’
theorem in eq. (2), resulting in estimates with lower accuracy and higher
uncertainty when measurements are missing.
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To formally describe missing measurements, we modeled sensor
measurements at time 7 as a Bernoulli random variable with probability
P, of successfully providing the measurement.

We then evaluated the tracking systems on the trajectories defined
in the test set described in Table 1, with the sensor noise parameters
fixed to o, = 50 m and 64 = 0.5° for range and azimuth, respectively. The
detection probability P; was varied to assess how the filtering methods
degrade under conditions of increasing measurement loss.

It is important to highlight that, throughout the analyses presented
in this section, none of the filtering methods requiring a training
phase were retrained or fine-tuned to address the missing-measurement
scenario.

To ensure fair comparisons, TTMTT was excluded from this analysis,
as its original implementation does not support missing values. In con-
trast, DeepMTT was included because it leverages the UKF’s ability to
propagate state estimates without measurements, achieved by omitting
the update stage in the Kalman filtering process. Similarly, Mnemonic
KF was included, as it is also embedded within the KF framework and
can handle missing measurements in the same manner.

This distinction underscores a key limitation of purely end-to-end
learning-based approaches: they must be explicitly designed to manage
missing data. In contrast, hybrid approaches that integrate NNs within
the Kalman filtering framework inherit its ability to implicitly handle
such scenarios, offering greater robustness in practical applications.

The average RMSE under the specified sensor noise conditions is
plotted as a function of the detection probability P, in Fig. 10, where
the case P, =1 corresponds to the scenario analyzed in Section 4, by
fixing o, = 50. m and ¢, = 0.5 °. The results of this analysis reinforce the
superior performance of AttEnsKNets against the considered filtering
methods.
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Fig. 11. Target tracking result from the HSHM test set in Section 4.5 on the xy-plane.
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Fig. 12. RMSE distribution in position and velocity per filtering method in HSHM test set in Section 4.5.

Table 4
Simulation parameters ranges for HSHM
Test Set generation.

Parameter HSHM Test Set
N 1000

T 400 s

At 1s

number of switches [4; 8]

o, [5.; 20.] m/s?
[ 10, 20, ..., 100 m
oy 0.1, 0.2, ..., 1°
Initial distance [50;150] km
Initial azimuth [—180;+180] °
Initial velocity [400; 600] m/s
w [-20; 4+20] °/s

4.5. Out of distribution targets

We tested the ability of the proposed architectures to track targets
outside the training distribution. To this end, we generated a novel test
set with different generationen parameters, summarized in Table 4. In
particular, we focused on High-Speed, Highly Maneuvering (HSHM) tar-
gets, performing 4 to 8 motion switches in longer simulations, each
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lasting 400s instead of 200. This setup allows us to evaluate the ef-
fectiveness and the robustness of the filtering methods, especially on
out-of-distribution samples.

The results of the evaluation of the tracking methods for out-of-
distribution targets are summarized in Table 5, which represents first
and second momentum estimators of the error distributions displayed
in Fig. 12.

In this particular setting, where targets are from unseen statistics
with respect to those observed in the training and validation scenar-
ios, the AttEnsKNets architecture can outperform the other filtering
methods in all of the considered metrics, except for the estimation of
the targets’ velocity, where DeepMTT confirms its effectiveness by pro-
ducing a slightly lower average RMSE, at the expense of significantly
poorer performance in locating the targets. Overall, these results sug-
gest a satisfactory capability of the proposed filtering method to adapt
to previously unseen, challenging scenarios, preserving its tracking per-
formance.

Fig. 11 provides the results of tracking from the HSHM test set in the
xy-plane, whose RMSE error in position and velocity at each timestep is
plotted in Fig. 13.

Based on the 100 MC simulations of a single trajectory from
the HSHM test set, the proposed AttEnsKNets consistently demon-
strates superior performance over the entire simulation period in
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Table 5

Summary table of metrics when tracking trajectories in the test set of Section 4.5 with empirical
mean y and standard deviation o per filtering method. For filtering methods that do not account for
target motion mode estimation, accuracy (ACC) is not available (n.a.).

RMSE all | RMSE pos [m] | RMSE vel [m/s] | ACC % 1
u o U o m o U c
IMM 47118 32229 576.85  391.69 33232  234.81 4671  18.95
Mnemonic KF [16] ~ 595.47  304.13 73537 48287 34408 4330 na.
DeepMTT [10] 573.12 37652  789.42  433.60 170.25 6588  n.a.
TrMTT [13] 40425  184.67 521.23  271.03 21813 4838  na.
AttEnsKNets [ours] ~ 328.98  143.28  426.41 193.15 17554 87.05  75.06 15.14
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Fig. 13. Tracking results over 100 Monte-Carlo runs for the trajectory example from the HSHM test set in Section 4.5 and displayed in Fig. 11, in particular: (a)
RMSE in position estimation of each filtering method per timestep; (b) RMSE in velocity estimation of each filtering method per timestep. The vertical dashed line
indicates either a change in the target’s motion mode or, in cases where the mode remains the same, a change in the turn rate.

both position and velocity estimation. While certain methods achieve
better performance over short segments of the trajectory, AttEn-
sKNets attains the lowest overall error across the full duration, with
an average RMSE of 237.43, compared to 273.24 for the IMM,
431.22 for the Mnemonic KF, 441.90 for DeepMTT, and 264.65 for
TrMTT.

Notably, all filtering methods incorporating data-driven com-
ponents exhibit performance degradation between 44 s and 71
s. This segment corresponds to a right-hand turn at a rate of
—19.0 °/s, a turn rate that was not present in any of the training
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set trajectories, thereby posing a challenging out-of-distribution sce-
nario.

Moreover, AttEnsKNets has preserved its superior accuracy in pre-
dicting targets’ motion mode when compared to the IMM, which is strug-
gling in the particular trajectory shown in Fig. 11.

Indeed, in Fig. 14 one can see an overall high accuracy, reaching
87.00% when classifying the motion modes of the target in the sampled
trajectory in Fig. 11, and a quick adaptation to target mode changes,
when compared to the IMM filter, which only correctly estimated the
target’s motion mode for 11.25% of the simulation duration.
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Fig. 14. Target’s motion mode probabilities estimation at each timestep of the HSHM trajectory example displayed in Fig.

11 for IMM and AttEnsKNets.
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Fig. 15. Average RMSE against increasing azimuth noise levels for each filtering method tracking trajectories in the HSHM test set of Section 4.5.
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Fig. 16. Average RMSE against decreasing target detection probability for the HSHM test set in Section 4.5 for each filtering method.

In addition, we conducted a noise sensitivity analysis on the more
challenging settings of the HSHM test set trajectories. In this analysis,
the azimuth standard deviation o, was varied while the range standard
deviation was fixed at 6, = 50 m. The results are summarized in Fig. 15.
At low noise levels, specifically up to o, = 0.3 °, the IMM filter achieves
the best performance among the considered methods, or at least com-
parable results, in terms of average RMSE, which might be explained
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by the fact that these data are unseen for all the considered methods
exploiting NNs.

Interestingly, on the HSHM test set, DeepMTT exhibits a remarkably
low sensitivity to noise variations, as evidenced by the nearly flat trend
observed in Fig. 15. This suggests that its underlying architecture is rel-
atively robust to changes in measurement quality, despite other known
limitations. Overall, the results support the conclusion that AttEnsKNets
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is the most robust filtering method among the evaluated approaches,
particularly in high-noise scenarios, where it consistently outperforms
the alternatives.

Finally, we evaluated the performance with respect to the targets’
detection probability on the HSHM test set, fixing ¢, = 50 m and ¢, =
0.5 °. The corresponding results are presented in Fig. 16. These findings
further support the claim that AttEnsKNets is the most robust filtering
method among the considered ones, consistently achieving the lowest
average RMSE when compared to DeepMTT and Mnemonic KF, even
as the probability of detection decreases. Comparable performance to
the IMM is observed only in the most challenging conditions, namely at
P, = 0.65.

5. Conclusions

In this work, we improved the architecture proposed in [24], de-
signed to address the challenges posed by MTT and overcome the lim-
itations of MB target tracking systems, and in particular those of the
IMM filter. The ability of RNNs, and in particular LSTMs, to learn and
memorize meaningful temporal relationships has been exploited to for-
mulate a hybrid MB and data-driven architecture resembling the IMM
filter framework to mix posterior predictions of a pool of KalmanNets in
an ensemble fashion, leading to the design of the Ensemble of Kalman-
Nets. We then extended its ability in mixing MB filtering by designing an
innovation-based attention method to let the ensemble focus on the most
likely motion model when classifying target dynamics, which also fur-
ther increased the level of explainability of the hybrid filtering method.

We tested the proposed approach and the modified computational
framework that integrates the attention mechanism in a broad range of
MTT scenarios, gathering different target maneuvers and several sensor
noise levels. We tested the performance of the proposed AttEnsKNets
against the IMM filter and other hybrid MB/data-driven filtering meth-
ods, proving its effectiveness by superior tracking accuracy in all of the
considered scenarios.

When testing the sensitivity to sensor noise levels, by varying noise in
the azimuth direction, and the performance degradation when the sen-
sor might be affected by missing measurements, by varying the target’s
detection probability, the AttEnsKNets has provided greater robustness
with respect to all of the considered filtering methods.

We then evaluated the filtering methods on out-of-distribution sam-
ples, namely, trajectories performed by HSHM targets, which were not
included in the generation parameters of the training set for the pro-
posed AttEnsKNets. The proposed approaches achieved better perfor-
mance than all of the considered filtering approaches, even in this chal-
lenging setting, with the exception of target velocity estimation, where
DeepMTT exhibited notable generalization capability and attained an
RMSE competitive with that of the proposed method. However, this
slight improvement in velocity estimation was obtained at the expense
of a significantly reduced accuracy in position estimation. Through sen-
sitivity analyses in this challenging, previously unseen scenario, AttEn-
sKNets has further demonstrated its robustness, confirming its position
as the best-performing filtering method among the considered alterna-
tives.

It is crucial to highlight that the proposed architecture does not ac-
count for the posterior state estimation covariance in its computational
framework, though it can both provide a posterior covariance, which is
not, however, processing evidence that might come from data. In future
work, we plan to exploit estimation uncertainty to further improve the
Ensemble’s performance, its robustness, and explainability, assessing its
ability to produce predictions that are as confident as they are accurate.
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