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Abstract—Tracking maneuvering targets, such as connected
and automated vehicles, requires modeling their movements
with predefined kinematic models. However, sudden and unpre-
dictable maneuvers often lead to model mismatch, resulting in
significant peak tracking errors. To address this problem, we pro-
pose a maneuver detection-aided deep learning multiple model
(MD-DL-MM) filter technique for target tracking and state
estimation, designed to suppress peak errors and improve
tracking performance. The core innovation of the MD-DL-MM
technique is the integration of a self-attention-based discrimi-
nation network, which dynamically determines the weights of
the target’s motion models. To consider the potential impact
of a specific kinematic model on the state estimation accuracy,
a statistical hypothesis testing-based method is introduced to
evaluate the validity of kinematic models. This metric system-
atically examines the suitability of the motion model, ensuring
that the most appropriate model is selected and applied at
each stage of the tracking process. On that basis, two distinct
state estimation methods are designed. Specifically, when the
kinematic model is more appropriate and the target exhibits
nonmaneuvering, state estimates are obtained using a recursive
model-based Kalman filter (MB-KF), which provides optimal
estimation with the minimum mean square error (MMSE). On
the other hand, when the target exhibits sudden maneuvers or
unpredictable maneuvers, a data-driven learning-based network
is utilized to achieve high-precision state estimation. Extensive
simulation results and real-world experimental data demonstrate
that the proposed algorithm outperforms traditional methods
such as the Singer, current statistical (CS), and the interacting
multiple model (IMM) algorithm, as well as deep-learning-
based algorithms like DeepMTT and KalmanNet. The proposed
algorithm achieves superior performance in terms of stability,
computational efficiency, and tracking accuracy across diverse
scenarios.

Index Terms—Deep learning, Kalman filter (KF), maneuver
detection, maneuvering target tracking, multiple models.

I. INTRODUCTION

MANEUVERING target tracking plays a crucial role
in fields such as autonomous driving and road vehi-

cle monitoring. These targets often exhibit unpredictable
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and suddenly changing motion patterns, which can change
very quickly depending on traffic conditions [1]. Classical
model-based techniques, including the Kalman filter (KF)
[2], extended Kalman filter (EKF) [3], unscented Kalman
filter (UKF) [4], and particle filter (PF) [5], have been
widely adopted to estimate target states by propagating a
predefined motion model and correcting it with incoming
measurements. The performance of traditional model-based
filters is highly sensitive to the accurate modeling of the
target’s motion pattern. A single model often fails to
accurately capture diverse motion patterns, especially in
dynamic traffic conditions and complex environments [6].
This inherent model mismatch leads to tracking lag or filter
divergence, posing a significant challenge in constructing
a universally applicable dynamic model for maneuvering
targets.

Researchers have proposed several model-based methods to
improve the accuracy of maneuvering target tracking, which
can be generally classified into two main categories: adaptive
tracking algorithms without maneuvering detection [7] and
tracking algorithms with maneuver detection [8], [9]. Maneu-
ver detection refers to the process of determining whether a
target is performing maneuvers, such as acceleration, deceler-
ation, or turning, by detecting changes in its motion state.
The former updates model parameters online according to
observed motion variations without a separate maneuver detec-
tion step. Representative examples include the Singer models,
which augment the state vector with acceleration to better
capture maneuvering dynamics [10]. While effective for mild
maneuvers, these models may struggle with complex behaviors
such as sharp turns, which motivates multiple-model frame-
works, notably the interacting multiple model (IMM) [11]
and variable structure multiple model (VSMM) [12]. Recent
progress along this line includes adaptive IMM (AIMM) filters
that explicitly account for both additive and multiplicative
noises, improving robustness under more realistic uncertainty
conditions. Multiple-model approaches are widely used but
face inherent practical limitations. Restrictive Markov assump-
tions often fail to capture long-term motion dependencies.
Furthermore, model transitions typically suffer from mode-
decision delays, while inevitable model mismatch occurs when
true dynamics fall outside the predefined set. These com-
bined factors significantly degrade tracking performance under
complex maneuvering conditions. The latter category, with
maneuver detection, explicitly detects motion changes to adapt
the filter accordingly. Typically, this is achieved by adjusting
filter gains [13] or switching among variable-dimensional
filters. Because these methods avoid restrictive prior assump-
tions regarding maneuver magnitudes, such as specific turn
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rates, they remain highly computationally efficient [7]. How-
ever, even these advanced approaches may suffer from
performance degradation under model mismatch.

Numerous studies have shown that data-driven models,
especially deep learning methods, can effectively tackle the
inherent limitations of model-based tracking [14], [15], [16].
Unlike traditional model-based filters, deep learning trackers
do not require an explicit motion model, allowing them
to learn complex tracking functions directly from data. For
instance, a representative example is the LAST database and
the associated DeepMTT model based on a bidirectional
LSTM [14]. Later work introduces attention mechanisms to
better capture dependencies across trajectory sequences, which
helps incorporate longer temporal context beyond first-order
Markov transitions [15]. However, these purely data-driven
”black-box” methods often lack interpretability and may fail to
generalize when highly maneuvering targets exhibit patterns,
such as extreme turn rates, that fall outside the training dataset
[17]. To mitigate model mismatch while retaining a structured
filtering framework, many researchers have integrated neural
networks with Kalman filtering. Such hybrid designs aim to
reduce model mismatch by learning hard-to-model state-space
model components (e.g., process noise or gains) from data,
while keeping the estimation pipeline explicit. For example,
EKFNet combines neural networks with Kalman filtering to
compensate for errors caused by mismatched models [18].
KalmanNet preserves the KF structure but learns the Kalman
gain from data, improving robustness when the kinematic
model is incomplete [19]. To further address the multiple
model decision delay and Markov constraints during model
transitions, the mnemonic KF uses recurrent networks to
learn a richer transition density, thereby capturing longer-term
temporal dependencies and easing conventional Markov and
linearity constraints [20]. Moreover, neural-network-assisted
IMM-style methods estimate model probabilities from data to
improve model switching in transitional periods, which helps
reduce the model decision lag that arises when switching is
driven mainly by past measurements [21], [22], [23]. Despite
these improvements in flexibility and interpretability, data-
driven and hybrid methods often require large training datasets
and may generalize poorly to unseen or highly dynamic
environments.

The preceding review reveals a clear research gap: there is
a need for a unified framework that integrates the structural
interpretability of model-based filtering with the flexibility of
data-driven learning, tightly coupling learned insights with
statistical metrics to robustly manage model transitions. This
deficiency motivates three technical challenges: 1) limited
Markov assumptions, as first-order Markov switching (e.g.,
in IMM) may fail to capture longer-term motion dependencies
and thus misidentify the current motion model during complex
maneuvers; 2) model decision delay, where model selection
based on historical measurements often lags behind the instan-
taneous target state, causing estimation mismatches during
transitional periods; and 3) structural model mismatch, which
occurs when predefined motion models deviate from the true
target behavior, resulting in performance degradation, espe-
cially in scenarios with highly maneuvering targets. To address
these challenges, we propose a novel maneuver detection-aided
deep learning multiple model (MD-DL-MM) framework that

integrates data-driven learning with model-based filtering. The
framework contains three components, each aligned with one
challenge. First, a self-attention-based discrimination network
exploits richer temporal context from measurement sequences
to estimate the current model probabilities more reliably,
thereby mitigating the short-memory limitation of first-order
Markov switching (Challenge 1). Second, we use statistical
hypothesis testing to evaluate model suitability and trigger
model switching when the current model becomes inconsistent
with the data, which reduces model transition lag (Challenge
2). Third, an adaptive estimation strategy is adopted to bridge
the gap between model rigidity and motion uncertainty. For
nonmaneuvering where the assumed kinematic model remains
valid, a classic KF is utilized to preserve computational
efficiency and structural interpretability. Conversely, a KF inte-
grated with data-driven prediction is used for strong maneuvers
or model mismatch cases to improve accuracy (Challenge
3). This design keeps the estimation pipeline explicit and
improves robustness across diverse motion conditions.

The main contributions of this article are as follows.

1) We propose a hybrid multimodal tracking architecture
that integrates deep learning with model-based filtering.
A self-attention-based discrimination network is devel-
oped for maneuver detection and model weighting. A
hypothesis-testing-based module is introduced for model
suitability evaluation and switching.

2) We develop an adaptive state estimation scheme with
two complementary estimators. A model-based KF
(MB-KF) is used when the assumed kinematic model
is appropriate, and the target exhibits nonmaneuvering,
while a KF integrated with data-driven prediction is used
for strong maneuvers.

3) We validate the proposed method through extensive
simulations and real-world experiments covering diverse
motion behaviors. We conduct comprehensive compar-
isons against representative model-based and data-driven
state-of-the-art (SOTA) baselines on the LAST dataset
and on real measurements, demonstrating consistent
improvements in tracking accuracy and competitive
computational efficiency.

The structure of this article is organized as follows. Sec-
tion II reviews the state-space model and formulates the
problem. Section III introduces the proposed method. Sec-
tion IV discusses the results of the empirical study. Finally,
Section V offers concluding remarks and outlines directions
for future research.

II. PROBLEM FORMULATION

In this section, we formulate the maneuvering target-
tracking problem as an adaptive state estimation task under
maneuvering conditions. The core objective is to resolve the
inherent conflicts between rigid kinematic constraints and the
unpredictable nature of actual vehicle dynamics. This for-
mulation reconciles physical interpretability with data-driven
flexibility, providing a systematic mechanism to effectively
suppress peak estimation errors during abrupt target maneu-
vers.
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The target-tracking process is governed by a discrete-
time state-space representation, where the state evolution is
described by the following equation:

xk = fk−1 (xk−1,mk) + wk−1 (1)

where xk denotes the target state at time step k and wk−1
are process noises. The discrete variable mk ∈ M =

{m1,m2, . . . ,mn} indicates the active motion model selected
from a predefined set, such as constant velocity (CV), constant
acceleration (CA), and constant turn (CT). While these kine-
matic models provide structured priors for estimation, the true
dynamics ftrue are often nonstationary due to varying driving
conditions, making the reliable online inference of mk the
primary source of uncertainty. The complexity of this problem
manifests in three progressive layers of estimation failure
that traditional multiple-model frameworks cannot adequately
resolve.

The uncertainty estimation accounts for the temporal depen-
dencies within the motion models. Conventional multiple-
model estimators (e.g., IMM) typically assume a first-order
Markov transition prior πi j = P(mk = m j|mk−1 = mi)
which imposes a short-memory switching mechanism. This
short-memory property ignores the long-term temporal context
inherent in complex maneuvers like U-turns. Consequently,
the problem must be reformulated as a mapping from the
measurement sequence Z1:k to the current model probability
Φ(Z1:k) → pmk . By shifting from point-wise transitions to
sequence-based inference, the framework can exploit historical
motion patterns to mitigate model misidentification.

Building on the reliability of model probability identifi-
cation, our approach emphasizes temporal synchronization
facilitated by proactive maneuver detection. A fundamen-
tal bottleneck in traditional filtering is model decision
latency—the critical time interval between the actual onset
of a maneuver and the filter’s formal recognition of a
dynamic change. Standard innovation-based updates adjust
model weights gradually. However, this reactive process is
often too slow to synchronize with abrupt motion changes,
resulting in significant peak tracking errors. This deficiency
necessitates an explicit maneuver detection mechanism that
functions as a high-speed trigger. By monitoring the statisti-
cal consistency between the assumed kinematic model and
incoming data, the system must be capable of identifying
the precise instant of motion change, thereby eliminating the
model decision latency.

Finally, we mitigate the impact of structural model mis-
match. Even when a maneuver is detected and the model
decision is synchronized promptly, the target’s true behavior
may temporarily deviate from all available kinematic models
in the predefined model set. This structural model mismatch
leads to inevitable performance degradation. Therefore, the
estimation task must evolve into an adaptive strategy that
maintains model-based efficiency during nonmaneuvering but
selectively activates data-driven corrections to rectify structural
errors when kinematic laws are determined to be unsuitable.

The ultimate goal of the proposed MD-DL-MM framework
is to obtain an optimal state sequence {x̂k} that minimizes the
aggregate mean squared error while maintaining the explicit
and interpretable nature of the estimation pipeline. Unlike
purely “black-box” data-driven approaches, this formulation

treats maneuvering target tracking as a synergistic coupling of
statistical evidence and learned insights. By addressing tempo-
ral dependencies, model decision latency, and structural model
mismatches in a unified pipeline, the framework ensures that
the estimation remains explicitly interpretable while exhibiting
high robustness in complex maneuvering scenarios.

III. DEEP-LEARNING-AIDED MULTIPLE MODEL
STATE ESTIMATION

To tackle the challenges of model switching and state esti-
mation in dynamic motion scenarios, as outlined in Section II,
we propose the MD-DL-MM algorithm. Fig. 1 presents a step-
by-step block-level view of the entire pipeline, where each
block corresponds to a specific operation and output. Given
measurements up to time step k, the workflow is as follows.
The top, middle, and bottom dashed blocks in Fig. 1 represent
the discrimination network of evolution models, the maneuver
detection mechanism, and the model decision and adaptive
state estimation modules, respectively.

Discrimination Network of Evolution Models: The self-
attention-based discrimination network takes the measurement
sequence Z1:k as input and outputs the probabilities of the n
candidate motion models at time step k, denoted by {pi

mk
}ni=1.

Here, pi
mk

is the probability of the ith motion model (e.g.,
CV/CA/CT). These model probabilities are the direct output
of the top block in Fig. 1 and are passed to the maneuver detec-
tion mechanism. The network parameters are learned during
offline training, as indicated by the feedback arrow in Fig. 1.
The detailed network architecture, input–output definition, and
training procedure are provided in Section III-A.

Maneuver Detection Mechanism: This module evaluates
whether the model-based filter remains consistent with the
measurements and whether a maneuver is occurring. We first
compute the measurement residual ezk. We then perform a
sliding-window chi-squared hypothesis test at a significance
level α to assess model suitability. In parallel, we compute
the network confidence using the maximum model probability
pmax

mk
= maxi pi

mk
. Finally, a dual-threshold maneuver detection

decision rule combines the hypothesis-test result and pmax
mk

to
output a binary maneuver-detection decision. The complete
decision logic, hypothesis-testing formulation, and threshold
settings are described in Section III-B.

Model Decision and Adaptive State Estimation: Based on
the maneuver-detection decision, we select the appropriate
estimator branch in Fig. 1 and obtain the final state estimate.
If the maneuver-detection decision indicates nonmaneuvering,
we use the matched model-based Kalman filter (MB-KF) to
produce efficient and interpretable estimates. If the maneuver-
detection decision indicates maneuvering, we switch to the
deep-learning-assisted Kalman filter (DL-KF) to improve
robustness under abrupt maneuvers and model mismatch. In
the DL-KF branch, the final estimate is obtained via a learned
fusion of multiple model predictions, where the KF gain (the
fusion weights) accounts for both the predicted covariance
and the innovation covariance estimated by the deep learning
modules. The selected branch outputs the state estimates, and
the learning-based components can further update the network
parameters via the feedback path shown in Fig. 1 during offline
training. The estimator design and implementation details are
given in Section III-C.
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Fig. 1. Overall technical block diagram of the proposed MD-DL-MM
framework, explicitly aligned with the three-step pipeline: 1) a discrimination
network of evolution models that maps Z1:k to the motion-model probabilities
{pi

mk
}ni=1; and 2) the maneuver detection mechanism computes the measure-

ment residualezk , performs a sliding-window hypothesis test with significance
level α, and evaluates the maximum model probability pmax

mk
= maxi pi

mk
, which

are then combined by the dual-threshold maneuver detection decision logic;
and 3) adaptive state estimation selects the MB-KF or the DL-KF according
to the detection outcome to produce the state estimates {x̂1, x̂2, . . . , x̂k}. The
feedback arrows indicate network-parameter updates during offline training.

A. Discrimination Network of Evolution Models

The discrimination network aims to infer the current
motion-model probabilities directly from measurements, by
comparing the target’s observed motion pattern with a set of
candidate kinematic models (e.g., CV, CA, and CT). Specif-
ically, given the measurement sequence up to time step k,
Z1:k, the discrimination network outputs a model probability
vector {pi

mk
}ni=1 over n candidate motion models at time step k.

Here, pi
mk

denotes the probability assigned to the ith motion
model, where larger pi

mk
indicates higher consistency between

the observed motion characteristics and model i, and smaller
values indicate lower consistency. The architecture of the
discrimination network is shown in Fig. 2. It consists of
three modules: 1) the input block; 2) the encoder layer; and
3) the output layer. The input block first transforms Z1:k into
an embedded feature sequence Z̄ ∈ Rt×dm , where t is the
input sequence length and dm is the embedding dimension.
The encoder layer then extracts temporal dependencies from

Fig. 2. Architecture of the discrimination network. The network consists
of three main modules: the input block, the encoder layer, and the output
layer. The input block transforms the measurement sequence Z1:k into an
embedded sequence Z̄ ∈ Rt×dm using observation linear embedding, IN(·),
and positional encoding. The encoder layer consists of M stacked transformer
encoders, each containing multihead self-attention and an FFN with add and
norm. The output layer applies a linear projection and Softmax activation
to produce the motion-model probabilities {pi

mk
}ni=1. Here, t is the sequence

length, dm is the embedding dimension, h is the number of attention heads,
and dk = dm/h.

Z̄ using multihead self-attention. Finally, the output layer
applies a linear projection and Softmax to produce the motion-
model probabilities {pi

mk
}ni=1. In Fig. 2, h denotes the number

of attention heads and dk = dm/h is the per-head feature
dimension.

1) Input Block: The input block encodes the observation
sequence into normalized features before the encoder. It con-
sists of three components: a linear projection, an instance
normalization (IN) layer, and positional encoding. The linear
projection maps the raw observations into the model feature
space, while positional encoding injects temporal-order infor-
mation. Unlike the layer normalization used inside the encoder,
we employ IN in the input block to normalize the projected
features while preserving temporal variations in the input
sequence. Formally, given an input observation matrix Z, the
input block outputs

Z̄ = IN (ZW + b) + P (2)

where Z ∈ Rt×dz denotes an observation sequence of sequence
with length t and observation dimension dz at each time step,
W ∈ Rdz×dm and b ∈ Rdm are the weight matrix and bias
vector of the linear projection, respectively, and P ∈ Rt×dm is
the absolute positional encoding [24]. After this processing,
Z̄ ∈ Rt×dm is fed into the encoder, where dm is the feature
dimension. The detailed design of the linear transformation,
IN, and positional encoding in (2) is outlined as follows.

The linear transformation is applied uniformly across the
complete observation sequence to extract shallow features. To
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facilitate the training process, a normalization layer is subse-
quently added to standardize these shallow state features. For
maneuvering target tracking, the temporal differences between
state features across time are essential, as they capture changes
in positions within the data sequence. These variations are
crucial for training the discrimination network, as they enable
the network to differentiate between different motion models
based on the observations. Therefore, preserving these tem-
poral differences after normalization is important. To achieve
this, the input module incorporates an IN layer. The formula
for IN is as follows:

IN (x) =
xnkl − µnlq
σ2

nl + ε
. (3)

The purpose of IN is to independently normalize each
channel of each sample while preserving the relative differ-
ences between time steps. The input feature tensor xnkl, with
dimensions N × T × C, consists of a batch of N samples,
where n = 1, 2, . . . ,N indexes the trajectories, k = 1, 2, . . . ,T
represents the time steps, and l = 1, 2, . . . ,C denotes the
feature channel index. In IN, the mean µnl and variance σ2

nl are
computed across the samples for each time step, normalizing
the features while preserving the temporal variations of the
data.

The mean and variance for IN are computed as follows:

µnl =
1
T

TX
k=1

xnkl (4)

σ2
nl =

1
T

TX
k=1

(xnkl − µnl)2
nkl . (5)

For each sample in the input feature tensor, which has
dimensions T × C, the corresponding mean µnl and variance
σ2

nl are calculated. Its implementation automatically applies
the mean and variance with a shape of (N,C) to the input
data shaped as (N,T ,C) via broadcasting. This process ensures
that, at the shallow feature level, the input block generates
normalized state features that preserve the temporal variations
in the sequence data, maintaining the distinctive characteristics
of the target’s motion over time.

To account for the temporal order in the observation
sequence, the absolute position encoding P is applied after
the IN layer within the input module. In this study, we
construct the position encoding using sine and cosine functions
at varying frequencies, following the approach outlined in [24].
The position encoding changes at each time step. At time step
k, the position encoding is defined as follows:

P (k) =
�
sin (ρ0k) , cos (ρ0k) , sin (ρ1k) , cos (ρ1k)

, . . . , sin
�
ρ(dm/2)−1k

�
, cos

�
ρ(dm/2)−1k

��
(6)

where ρi = 1/10002i/dm for i = 0, 1, . . . , (dm/2) − 1 and dm
represents the dimension of the feature space after process-
ing by the input module. The positional encoding has the
same dimension as the observation embedding. This encoding
method helps the model understand the relative position of
each time step within the sequence, enabling more effective
temporal processing in the subsequent layers. The combination
of the input features described above significantly enhances the
prediction accuracy while maintaining the temporal dependen-
cies within the input features.

2) Encode Layer: We utilize M stacked encoder layers
to capture the self-attention of features at each layer. Each
encoder layer is composed of two primary sublayers: a multi-
head self-attention sublayer and a feed-forward network (FFN)
sublayer. Both sublayers are followed by layer normalization
(LN) and a residual connection, which help maintain training
stability and promote efficient learning. In the multihead self-
attention sublayer, the input sequence is projected into three
distinct matrices for each attention head: the query matrix
Q ∈ Rt×dm , the key matrix K ∈ Rt×dm , and the value matrix
V ∈ Rt×dm . By computing the dot product between the query
and key matrices, we obtain the similarity matrix. As a result,
the final similarity matrix can be expressed as follows:

AKQ = S o f tmax
�

Q · KTıpdm

�
(7)

where S o f tmax is a normalized exponential function. By
calculating AKQ ·V , the attention information for a single head
is gathered. To obtain multihead self-attention information, the
outputs from multiple single-head attention mechanisms are
concatenated. The data processing process of the ith encoder
can be expressed as follows:

Ĥi = LN
�
MultiHeadS el f Atten

�
Ûi−1

�
+ Ûi−1

�
(8)

Ûi = LN
�
FFN

�
Ĥi
�
+ Ĥi

�
(9)

where Ûi−1 ∈ R
t×dm is the input to the ith encoder layer

and Ûi is its output. The initial input to the encoder, Û0 =

Znormal
position ∈ R

t×dm , is the normalized position encoding. LN
denotes the layer normalization and FFN denotes the FFN.
For each attention head j in the ith encoder, the self-attention
operation is defined as follows:

Ĥ j
i = S el f Atten

�
Ûi−1W i j

Q , Ûi−1W i j
K , Ûi−1W i j

V

�
= Ai j

KQ · V
i j, j = 1, 2, .., h (10)

where Ai j
KQ is the similarity matrix calculated by the jth atten-

tion head, and W i j
Q ∈ R

dk×dm , W i j
K ∈ R

dk×dm , and W i j
V ∈ R

dk×dm

are the learnable projection matrices for the query, key, and
value, respectively. dm = dk/h, where h is the number of
single head attention module. The multihead self-attention is
formed by concatenating the attention outputs from all heads
and applying a learnable projection matrix W i

0

Hi = MultiHeadS el f Atten
�
Ûi−1

�
= Concat

�
H1

i , . . . ,H
h
i

�
W i

0. (11)

The FFN sublayer consists of two fully connected layers,
which perform linear transformations on the attention infor-
mation for each position. The output of the ith encoder layer,
Zencoder

out , is computed as follows:

Zencoder
out = Φ f ully

�
Φ f ully (Hi)

�
(12)

where Φ f ully denotes fully connected layer processing. Zencoder
f inal

is the final output after M encoder layer processing.
3) Output Layer: To adapt the model for the target-tracking

task, we incorporate a linear transformation layer and a
Softmax layer as the output module to generate the final
network output. Specifically, for motion model probability
prediction, the output dimension of this linear layer is set
to n, where n represents the number of predefined motion
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models. Each model probability satisfies the conditions 0 ≤
pi

mk
≤ 1, i = 1, 2, . . . , n and pCV

mk
+ pCA

mk
+ · · · + pCT

mk
= 1.

Here, pCV
mk

corresponds to the probability of the CV model,
pCA

mk
corresponds to the probability of the CA model, and pCT

mk

corresponds to the probability of the CT model. The ground-
truth label yi

mk
is a one-hot vector indicating the true motion

model for each trajectory segment.
The cross-entropy loss is favored in classification tasks

because it strongly penalizes incorrect predictions as the pre-
dicted probability diverges from the true label, driving faster
model optimization. The loss function is defined as follows:

Lcls
�
ymk , pi

mk

�
= −

nX
i=1

ymk logpi
mk

(13)

where pi
mk

denotes the output of the model, ymk ∈ {0, 1} denotes
the true label, and n denotes the number of motion model
categories. It is worth emphasizing that although these motion
models are used in this algorithm to simulate the real motion
state of the target, each trajectory segment will only take
the motion model corresponding to the maximum pi

mk
as its

corresponding motion model, that is, the motion state of the
target at each stage corresponds to only one of these motion
models.

B. Maneuver Detection Mechanism

After determining the probability of candidate motion mod-
els and identifying the active model (selected as the one with
maximum probability pi

mk
), we further evaluate whether this

chosen model remains valid or exhibits model mismatch. To
consider the potential impact of a specific kinematic model on
state estimation accuracy, a statistical hypothesis testing-based
method is introduced to evaluate the suitability of kinematic
models. This metric systematically examines the reliability of
the motion model, ensuring that the most appropriate model
is selected and applied at each stage of the tracking process.
This dynamic verification of model appropriateness enables
the system to ensure optimal model selection at each tracking
stage, thereby minimizing errors induced by incorrect model-
ing assumptions and maintaining robust tracking performance.

The measurement residual chi-squared detector is widely
utilized for anomaly detection due to its simplicity and effec-
tiveness [25]. At time step k, the measurement residual is
defined as follows: ezk = zk − ẑk|k−1 (14)

whereezk is the measurement residual and ẑk|k−1 is the predicted
measurement at time step k, based on all available information
up to k − 1.

Assuming that both the measurement and process models
are linear and affected by additive white Gaussian noise, and
the target is not undergoing maneuvers, the residuals are zero-
mean Gaussian and uncorrelated. Under these assumptions, the
statistic ck =ezT

k S −1
k ezk follows a chi-squared distribution with

n = dim(zk) degrees of freedom, where S k is the covariance
matrix of the residualezk. The cumulative distribution function
(cdf) of this statistic is denoted as χ2

n(·), corresponding to the
chi-squared distribution with n degrees of freedom. To detect
a maneuver, this statistic is evaluated over a sliding window

of length l. Specifically, a maneuver is declared if the sum of
the statistics,

Pk
i=k−l+1 ci, exceeds a predefined threshold

kX
i=k−l+1

ci > χ
2
n (α) (15)

where α ∈ [0, 1] is the desired false alarm rate. The system
implements a dual-threshold decision mechanism to deter-
mine the appropriate tracking strategy. When the cumulative
probability remains below threshold χ2

n(α) and the dominant
motion model probability pmax

mk
= maxi pi

mk
exceeds λ (set

to 0.6 based on empirical validation), the nonmaneuvering
hypothesis (H0) is accepted, indicating stable target motion.
In this case, the conventional MB-KF approach described
in Section III-C1 provides optimal estimation. Conversely,
if either the probability threshold exceeds χ2

n(α) or pmax
mk

=

maxi pi
mk

falls below λ, the strong-maneuver hypothesis (H1) is
declared, signaling significant maneuvering behavior that com-
promises model-based assumptions. Under these conditions,
the system switches to the deep-learning-enhanced DL-KF
framework detailed in Section III-C2, which combines KF
with data-driven adaptation to maintain tracking accuracy
during complex maneuvers.

C. Model Decision and Adaptive State Estimation
1) MB-KF for State Estimation in Stable Motion Scenarios:

In cases where the model is suitable, the MB-KF can achieve
optimal state estimation by leveraging the identified motion
model, as detailed in Section III-B. This process can be
divided into three main steps: state prediction, measurement
prediction, and state update. State prediction: in this phase, the
system’s dynamic model is utilized to predict the target’s state,
resulting in a prior state estimate and its associated covariance
matrix. This step forms the foundation for subsequent updates.
Measurement prediction: the predicted state vector is projected
into the measurement space to compute the anticipated mea-
surement value. From this, the measurement residual and its
covariance are derived. The residual captures the discrepancy
between the actual measurement and the predicted value,
while the covariance quantifies the uncertainty inherent in
the measurement process. State update: during this phase, the
prior state estimate and covariance matrix are refined using
the Kalman gain and the measurement residual. The Kalman
gain optimally balances the contributions of the predicted
and measured values, ensuring precise state estimation. The
updated state estimate and covariance matrix then serve as
prior inputs for the next iteration, facilitating the recursive
integration of new measurement data to continuously refine
the state estimate.

This approach significantly enhances the accuracy of state
estimation in scenarios where the model is trustworthy or
the target’s motion pattern is stable, providing an efficient
solution for target tracking and state estimation. The recursive
process described above follows the standard KF framework
[2]. For brevity, the detailed mathematical formulas and our
specific improvements for complex maneuvering scenarios are
elaborated in Section III-C2.

2) Strong Maneuvering and Nonlinear State Estimation:
Considering the complexity involved in modeling maneuvering
target dynamics, conventional methods struggle to develop a
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Fig. 3. High-level architecture of DA-DL-KF is illustrated in the block
diagram. The DA-DL-KF framework comprises three key components: The
predicted state is derived by combining predictions from multiple models
using learned weights. This is followed by a measurement prediction module
that learns the innovation covariance based on the innovation (zk − ẑk|k−1) and
the measurement difference (zk − zk−1). A measurement update module then
infers the updated state using the Kalman gain.

linear temporal model that can accurately estimate target states
under maneuvering conditions. The model-based state-space
methods (discussed in Section III-C1) are limited to estimating
states in cases of nonmaneuvering. Therefore, accurately esti-
mating states under maneuvering conditions—when a classical
MB-KF is no longer appropriate—becomes essential. Here, we
introduce DL-KF, a hybrid, interpretable, and data-efficient
architecture designed for real-time state estimation when a
target is identified as strong maneuvering. A block diagram
illustrating the prediction and update phases of DL-KF’s
inference process is presented in Fig. 3. DL-KF first generates
a state prediction by weighting and combining state predictions
across different motion models to provide prior information
and obtain predicted covariance using the GRU for state esti-
mation during maneuvering, as described in Section III-C2a.
These weights are determined by the discrimination network of
evolution models, as discussed in Section III-A. Subsequently,
the measurement prediction process learns the innovation
covariance matrix using the GRU block, as discussed in
Section III-C2b. Finally, the update step calculates the updated
state estimate using the Kalman gain matrix, which is derived
by combining the learned covariance matrices, as detailed in
Section III-C2c.

a) State prediction: When the target’s motion involves
multiple models that switch dynamically, performance may be
limited due to the inability to consistently provide an accurate
state prediction. To address this limitation, we propose a
weighted fusion approach for state prediction based on the
current model weights (as described in Section III-A). In the
prediction step, rather than relying on a single model, we
employ a set of n predefined models, F1, F2, . . . , Fn, which
are chosen to comprehensively capture the kinematics of the
target. Each of these models computes a preliminary predicted
state x̂1

k+1|k, x̂
2
k+1|k, . . . , x̂

n
k+1|k based on x̂k|k. Each preliminary

state prediction is then weighted by model-specific coefficients
pCV

mk
, pCA

mk
, . . . , pCT

mk
, resulting in the final predicted state x̂k+1|k.

The calculation process is as follows:

x̂k+1|k = pCV
mk

x̂1
k+1|k + pCA

mk
x̂2

k+1|k + · · ·+ pCT
mk

x̂n
k+1|k (16)

where pCV
mk

+ pCA
mk

+ · · · + pCT
mk

= 1. The weight coefficients
are the key to overcoming the model mismatch. The more

Fig. 4. GRU block is used to learn both the predicted state covariance matrix
and the innovation covariance matrix: (a) GRU block learns the predicted
state covariance Pk|k−1 by using the state update difference (x̂k|k −bxk|k−1) and
state evolution difference (x̂k|k − x̂k−1|k−1) as inputs. (b) GRU block learns the
innovation covariance S k|k−1 by utilizing the innovation term (zk −bzk|k−1) and
the measurement difference (zk − zk−1) as inputs.

similar the preset motion model Fn is to the current motion
model of the target, the greater the weight coefficient, and
vice versa. In the prediction step, the discrimination network
in Section III-A dynamically calculates the weight coefficients
of each preset motion model at each time step.

Learning-predicted covariance matrices are essential for
quantifying and adapting to the underlying uncertainties in
target motion, which directly improves the robustness and
accuracy of state estimation. As illustrated in Fig. 4(a), to accu-
rately track the predicted covariance matrices, we introduce
two key differences: state update difference, 4x̃k = x̂k|k−bxk|k− 1,
and state evolution difference, 4x̄k = x̂k|k − x̂k−1|k− 1. The
state update difference captures the discrepancy between the
predicted and updated state estimates, while the state evolution
difference characterizes the uncertainty in the state evolution
process over time. Together, these inputs help the network
grasp both the state update changes and the state evolution
shifts in different motion scenarios.

b) Measurement prediction: In this section, we recast the
Kalman gain matrix computation within the framework of the
traditional KF algorithm to better explain the proposed state
update mechanism. The Kalman gain is determined by the
multiplication of three elements: the predicted state covariance
Pk|k−1, the Jacobian matrix Hk of the measurement function,
and the inverse of the innovation covariance matrix S −1

k|k−1.
The predicted state covariance Pk|k−1 is learned via a GRU
block, allowing the model to capture the prior covariance in
a data-driven way. Additionally, the last term, S −1

k|k−1, depends
on the second moment of the measurement noise Rk. When
the elements in Qk and Rk depart from their actual values
significantly, the KalmanNet [19] may suffer from reduced
robustness, as it cannot differentiate between the distinct
contributions of the erroneous knowledge in the process noise
and that in the measurement noise. To address this issue,
we propose the use of a GRU block, shown in Fig. 4(b),
which implicitly learns the innovation covariance matrix. This
approach ensures that the DL-KF can accurately capture the
effects of uncertainty in the measurement noise without the
need for manually defining or modeling the measurement noise
parameters.
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As shown in Fig. 4(b), to effectively track covariance
matrices, we utilize two essential input features: measurement
innovation and measurement difference. The measurement
innovation (4z̃k = zk − bzk|k−1) captures the instantaneous
changes between the predicted and the actual observations,
which is crucial for updating state estimates. In contrast,
the measurement difference (4z̄k = zk − zk−1) monitors
the evolution of consecutive observations, providing crucial
temporal information about the system’s dynamics. Together,
these inputs help the network grasp both instantaneous changes
and broader transitional shifts in the observation space, thereby
improving its ability to adjust innovation covariance in real
time. We specifically choose the GRU network for processing
these input features due to its computational efficiency and
fewer parameters compared to LSTM networks [26]. This
makes the GRU well-suited for efficiently handling recent
measurement discrepancies, which is critical for innovation
covariance learning in time-sensitive scenarios dominated by
short-term dependencies. As shown in Fig. 4, the GRU block
contains a single hidden layer with 80 nodes, which processes
the input features. The output of the GRU is subsequently
passed through a fully connected FFN. These networks are
responsible for calculating the innovation covariance, which is
essential for updating the Kalman gain and ensuring accurate
state estimation.

c) Measurement update: By exploiting the statistical
independence between the process and the measurement noise
vectors, and incorporating model-based principles for cal-
culating the Kalman gain matrix, the proposed approach
introduces a novel method to independently learn the process
of state prediction and the innovation covariance associated
with both the state prediction and the measurement update.
This is accomplished using two distinct deep neural networks
(DNNs), specifically the GRU block illustrated in Fig. 3. More
specifically, the Kalman gain matrix is computed as follows:

Kk = Pk|k−1HT
k S −1

k|k−1. (17)

The predicted covariance matrix Pk|k−1 is learned by a GRU
block. Additionally, another GRU is responsible for learning
the innovation covariance matrix. During the measurement
update phase, the Kalman gain matrix is applied, as outlined
in (17), to compute the posterior state based on the state
prediction. These updated moments are given by the following
equations:

x̂k|k = x̂k|k−1 + Kk
�
zk − ẑk|k−1

�
(18)

Pk|k = Pk|k−1 − KkS −1
k|k−1Kk

T . (19)

The DA-DL-KF effectively decouples the influence of pro-
cess noise and measurement noise within the KF framework
by separating the calculation of the Kalman gain, as well as
addressing the model linearization error from the Jacobian
matrix of the state function in computing the linearized state
prediction.

D. Network Training

The proposed algorithm is trained in a supervised manner
using the available labeled dataset. We define the training
set as Dtrian = {x(l)

1:T (l)
train
, z(l)

1:T (l)
train
}
Ntrain
l=1 , where (l) denotes the lth

trajectory sequence and T (l)
train is its length. x(l) is the ground-

truth state sequence and is the corresponding measurement
sequence. We train the network by minimizing a composite
loss that penalizes both state estimation errors and motion-
model discrimination errors. The loss function is defined as
follows:

L =
1

Ntrain

NtraiX
l=1

T (l)
trainX

k=1

�
x(l)

k − x̂(l)
k|k

�2
+ γLcls

�
ymk , pi

mk

�
(20)

where the first term is the mean squared error (MSE) between
the estimated states and the ground truth and Lcls(·) denotes
the classification loss for model discrimination. The weighting
coefficient γ balances the two objectives. In our implementa-
tion, γ is tuned jointly with other training hyperparameters on
a validation set. When state estimation accuracy is prioritized,
γ is typically set to 0.8.

We optimize the network parameters using mini-batch
gradient-based training. We adopt the ADAM optimizer with
an initial learning rate of 0.001 [27]. The learning rate decays
by a factor of 0.02 per epoch. The batch size is set to 64.
The model is implemented in Python with PyTorch [28] and
trained on a single NVIDIA GeForce RTX 3090 GPU for
3000 epochs. Early stopping is used to mitigate overfitting.
To improve training stability, the network parameters are
randomly initialized. We repeat training runs with different
random seeds and select the checkpoint with the best vali-
dation performance. We use h = 32 attention heads, which
yields a per-head dimension dk = dm/h = 4. The FFN
uses d f = 4dm = 512 to expand the feature space. For
the state estimation network, the GRU contains 80 hidden
units, followed by two fully connected layers with 640 and
80 neurons, respectively. These structural hyperparameters
(e.g., dm, h, and the GRU hidden size) are selected based on
validation mean square error (MSE) under a fixed computation
budget. We adjust them via ablation to balance representation
capacity and runtime.

IV. EXPERIMENTAL EVALUATION

In this section, we conduct extensive evaluations of
the proposed algorithm using both online databases and
real data tests. Currently, there are no publicly available
datasets specifically designed for maneuvering target-tracking
in vehicle-tracking scenarios. To address this limitation, we
leverage the LAST database [14], a widely recognized bench-
mark in maneuvering target-tracking research. The LAST
dataset has been extensively used by SOTA methods to vali-
date tracking performance, particularly in scenarios involving
complex target maneuvers, making it a suitable choice for our
comparative study. In addition to public LAST dataset tests,
we validate the algorithm’s performance using real-world data
collected from our custom-built autonomous vehicle platform.
We compare our method against multiple SOTA algorithms,
including both model-based and data-driven approaches, under
varied experimental setups.

A. Experimental Evaluation With the LAST Dataset
In deep-learning-based tracking tasks, obtaining sufficient

real maneuvering trajectories and corresponding observations
from tracking systems is often challenging. Therefore, we
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Fig. 5. Ground-truth trajectories. All 10 000 ground-truth trajectories are
presented in a single figure for visualization.

TABLE I
PARAMETER SETTING OF THE DATASET

followed [14] to generate maneuvering trajectories, referred
to as the LAST dataset, which closely resemble real-world
civil aircraft-tracking scenarios. This dataset has been widely
used in the field of maneuvering target tracking. To generate a
large number of trajectories in various maneuvering scenarios
for training and testing, we utilize the CV, CA, and CT models
to simulate the true target trajectories and corresponding obser-
vation trajectories. The strength of the maneuver is determined
by the magnitude of the turn rate. To capture a wide range of
turning behaviors, the minimum interval between turn rates
is set to 0.01

◦

/s, ensuring that various forms of turns are
included.

A total of 10 000 tracks are generated, with 8000 tracks
allocated to the training set and 2000 tracks reserved for
validation. All 10 000 real maneuvering trajectories are shown
in Fig. 5. It is important to note that the data used for training
and testing the deep learning model as well as the maneuver
trajectory data employed for algorithm performance evaluation
in Section IV-D were generated using the parameters provided
in Table I.

B. Implementation Details

To evaluate the effectiveness of our proposed algorithm,
we simulate a maneuvering target-tracking scenario in the
XY-plane. Following the maneuvering parameters of civil
aircraft reported in [14], we construct a 100-s trajectory with
1000 sampling points (i.e., a sampling interval of 0.1 s).
The target is initialized at [2000, 1000 m, 10, −15 m/s] and
undergoes the consecutive motion regimes: 20 s CV, 15 s CT,
20 s CA, 5 s CT, and 40 s CA. We carefully select comparison
methods that are prominent in the maneuvering target-tracking
literature, covering classical model-based filtering, prevail-
ing multiple-model strategies, and learning-based paradigms.

Fig. 6. True target trajectory and the estimated trajectories obtained from
different algorithms.

Fig. 7. Position RMSE of each algorithm of the test trajectory.

Specifically, the proposed DL-MD-MM method is compared
with the classical Singer-EKF [29] and the recent AIMM
approach [30]. In addition, we include representative data-
driven and hybrid frameworks, including DeepMTT [14], the
Transformer-based TrMTT [17], and the hybrid KalmanNet
[19]. These diverse baselines enable a comprehensive evalua-
tion across both model-driven and learning-based trackers.

C. Filtering Precision Comparison With Model-Based
Methods

The tracking results for the simulated maneuvering trajec-
tory and the corresponding position RMSEs over 100 Monte
Carlo runs are presented in Figs. 6 and 7, respectively. Among
the evaluated model-based filters, AIMM [30] demonstrates
relatively robust performance, while the Singer-EKF [29]
serves as a performance baseline, exhibiting the highest track-
ing errors. The Singer-EKF relies on a first-order Markov
process to model target acceleration. Although this single-
model formulation is effective for moderate maneuvers, its
inherent rigidity fails to capture the rapid regime switching
characterized in our scenario. As shown in Fig. 7, the Singer-
EKF maintains a persistently high mean square error (RMSE),
stabilizing near 100 m. AIMM achieves better precision by
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employing multiple candidate models and adaptively weight-
ing their outputs using estimated model probabilities. This
mechanism enables faster adaptation to changes in motion
patterns. However, AIMM remains constrained by its finite
model set and fixed interaction rules. During the intense CT
segments (200–350 and 550–600), where the true motion
parameters may deviate from the predefined set, the model
probabilities become less distinguishable. This reduced sep-
arability leads to the transient deviations and postmaneuver
fluctuations observed in Fig. 7, preventing the filter from
attaining a lower steady-state error. Our proposed MD-DL-
MM overcomes these structural limitations by integrating
the learning-based MD-DL-KF with the model-based MD-
MB-KF. This hybrid architecture leverages deep learning for
agile model-switching decisions while utilizing the model-
based component to ensure numerical stability. The result
is a remarkably stable tracking performance: MD-DL-MM
effectively suppresses RMSE spikes at the 200, 350, 550,
and 600 transition marks. By maintaining a consistently low
RMSE—predominantly below 40 m—the proposed method
mitigates both the single-model mismatch of the Singer-
EKF and the structural constraints of classical multiple-model
strategies, ensuring superior consistency across the entire
maneuvering process.

D. Filtering Precision Comparison With Data-Driven and
Hybrid Methods

The tracking accuracy of the proposed MD-DL-MM is
further compared with learning-based and hybrid baselines,
including DeepMTT [14], TrMTT [17], and KalmanNet [19].
Fig. 7 provides a qualitative trajectory comparison, while
Fig. 6 reports the position RMSE over 100 Monte Carlo
runs. The simulated test trajectory contains a sequence of
heterogeneous motion regimes: CV from time step 0 to 200,
CT from 200 to 350, CA from 350 to 550, a second CT from
550 to 600, and a final CA stage from 600 to 1000. As shown
in Fig. 7, the proposed method tracks the ground truth closely
and remains stable, especially around the critical transition
points at 200, 350, 550, and 600. DeepMTT is designed to
reduce modeling errors through end-to-end learning. However,
it is typically data-hungry. Under our data-limited setting
(10 000 samples), it generalizes poorly to rapid switching
across heterogeneous modes, which results in a sharp RMSE
increase after the transition around time step 550. TrMTT
demonstrates a robust capability to mitigate model mismatch,
achieving highly competitive performance across the entire
trajectory. KalmanNet, which relies on a nominal dynamics
assumption to learn a corrective gain, suffers from persis-
tent oscillations during the intense CT segments (200–350
and 550–600) and fails to achieve rapid convergence during
subsequent CA transitions. This suggests that implicit gain
compensation is insufficient to handle the systematic model
mismatch inherent in frequent, unpredictable mode switching.
In contrast, MD-DL-MM explicitly handles regime transitions
via a deep discrimination module that adaptively selects the
dominant motion model and triggers maneuver-aware filtering.
This design reduces transition-induced error bursts rather than
relying on single-model refinement. As a result, MD-DL-MM
yields a smoother RMSE curve with consistently lower error
levels and effectively suppresses the peak errors observed in

TABLE II
COMPUTATION TIME OF THE ESTIMATION STEP

Fig. 8. Loss curves of ablation experiments with 15 600 steps (100 epochs).

the competing baselines, leading to more reliable tracking
throughout the entire maneuvering process.

The average computation time per estimation step, evaluated
over 1000 fixed-length tracks, is summarized in Table II. For
data-driven-based networks such as DeepMTT and TrMTT,
the reported values represent the inference time normalized to
a per-step average to ensure a fair comparison with recursive
filters. As expected, the runtime generally correlates with algo-
rithmic complexity. Classical recursive filters remain the most
lightweight, with the Singer-EKF requiring only 0.575 ms per
step. The introduction of multimodal interactions and prob-
ability updates in AIMM increases the latency to 2.487 ms.
In contrast, pure data-driven window-based models are sig-
nificantly more time-consuming due to their heavy sequence
modeling architectures; specifically, TrMTT (16.041 ms) and
DeepMTT (20.761 ms) exhibit the highest computational
overhead. The proposed MD-DL-MM achieves a superior
balance between efficiency and accuracy. By employing a
lightweight maneuver-decision module combined with adap-
tive filtering, MD-DL-MM maintains a per-step runtime of
4.068 ms. Although this is slightly higher than the classical
AIMM, it is substantially more efficient than DeepMTT and
TrMTT. This demonstrates that MD-DL-MM is well-suited for
real-time applications where both high precision and moderate
computational costs are required.

E. Ablation Study

To verify the effectiveness of the proposed MD-DL-MM
framework, we conduct five sets of ablative experiments
to evaluate the role of each core module. We compare
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TABLE III
POSITION-TRACKING PERFORMANCE OF THE PROPOSED MD-DL-MM

FRAMEWORK IN ABLATION STUDIES. THE RESULTS ARE REPORTED
AS THE MEAN AND STANDARD DEVIATION OF RMSES (M)

OVER THE TESTING TRAJECTORIES

Fig. 9. Model probabilities of IMM and the proposed MD-DL-MM.

Fig. 10. Loss curves of the motion-model discrimination network during
training.

these variants against the complete model using represen-
tative maneuvering trajectories. The tracking statistics are
summarized in Table III, while the training loss curves and
convergence behaviors are illustrated in Fig. 8. For all exper-
iments, we utilized a consistent training dataset and settings
as described in Section IV-B, spanning 100 epochs to ensure
a fair comparison.

1) Ablation 1: Effectiveness of the Discrimination Net-
work. In this case, the self-attention-based discrimination
network is replaced by a standard IMM recursion using a
fixed transition probability matrix (TPM). From Table III,
Ablation 1 exhibits significantly higher RMSEs and larger
peak errors during maneuver transitions. The root cause of this
performance gap is analyzed through the model probability
curves in Fig. 9. First, as observed at the step 200 and
550 transition points, the fixed-TPM mechanism in Ablation
1 suffers from a pronounced memory effect, leading to a
noticeable lag in model switching. This delay causes the filter
to rely on a mismatched kinematic model during the initial
stage of a maneuver. In contrast, our proposed discrimination

network captures long-range temporal dependencies to iden-
tify mode shifts near-instantaneously. Second, during intense
maneuvering phases from steps 550 to 600, Ablation 1 often
produces ambiguous model weights where the probabilities for
competing models remain close. Such model indistinguisha-
bility leads to severe interference between conflicting filters
and degrades estimation precision. By contrast, the proposed
network demonstrates superior discriminative power, yielding
sharper probability transitions and maintaining high confi-
dence in the dominant model even under strong maneuvering
conditions. These findings confirm that the self-attention-based
network not only accelerates convergence but also eliminates
the model switching latency and model ambiguity inherent in
classical recursive weighting. The loss curves in Fig. 10 further
reveal that the lack of an adaptive discrimination module
results in a higher steady-state loss and slower convergence.

2) Ablation 2: Significance of the Dual-Threshold Maneu-
ver Detection. By disabling the maneuver detection module,
the system fails to trigger the transition to the DL-KF branch
during abrupt maneuvers. Table III shows that Ablation 2
suffers from increased tracking RMSEs and larger peak errors.
The complete MD-DL-MM utilizes a dual-threshold mech-
anism based on residual hypothesis testing and maximum
model probability. This approach captures inconsistencies
between predictions and observations while compensating for
low model confidence under noisy conditions. The results
demonstrate that the detection mechanism is crucial for pre-
venting missed or delayed switching, thereby suppressing error
accumulation.

3) Ablation 3: Impact of the Hybrid MD-DL-MM Archi-
tecture. This variant removes the DL-KF branch, forcing the
tracker to rely solely on predefined IMM. As indicated in
Table III, the peak errors in Ablation 3 are substantially
larger than those of the complete model when the target
executes complex maneuvers. Since fixed models (e.g., CV or
CT) cannot fully capture high-dynamic trajectories, the purely
model-based approach suffers from severe model mismatch.
This validates that the hybrid architecture effectively integrates
physical constraints with data-driven compensation to suppress
peak tracking errors.

4) Ablation 4: Role of Adaptive Weighted Fusion in
DL-KF. In the complete MD-DL-MM model, the DL-KF
branch performs prediction-based weighted fusion to inte-
grate multiple model predictions. In Ablation 4, we replace
this mechanism with simple average fusion. From Table III,
Ablation 4 yields inferior tracking accuracy, indicating that
weighted fusion provides more precise estimates. The loss
curve for Ablation 4 oscillates more significantly com-
pared to the complete model. This instability indicates that
simple averaging introduces noise from poorly matched mod-
els, which complicates the gradient descent process. By
contrast, our adaptive weighted fusion assigns confidence
based on learned prediction and residual covariances, lead-
ing to a smoother and faster convergence trajectory as well
as higher tracking precision when model probabilities are
close.

5) Ablation 5: Necessity of Learned Innovation Modeling.
In this ablation, we remove the learned innovation modeling
in the DL-KF branch and replace it with fixed, analytically
propagated covariance assumptions. From Table III, Ablation
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Fig. 11. Real-vehicle experimental platform integrated with a ground-truth
system.

Fig. 12. Experimental trajectories of a self-driving car covering various
motion styles, including constant speed, sudden acceleration, sudden deceler-
ation, slow turns, sharp turns, parking, and other scenarios.

5 increases tracking RMSEs and error variance relative to
the complete model. During abrupt maneuvers, the innovation
statistics can deviate from fixed-noise assumptions used in
classical filtering. Inaccurate uncertainty modeling leads to
overly aggressive or overly conservative updates. The conver-
gence rate of Ablation 5 is relatively slow, and the final loss is
higher than that of the complete model. These results demon-
strate that learned innovation/uncertainty modeling is impor-
tant for stable and accurate DL-KF updates under complex
maneuvers.

F. Experimental Evaluation With Real-Word Test Data

The experimental setup of the test platform is illustrated
in Fig. 11. The autonomous vehicle is equipped with a
GNSS receiver and an integrated real-time kinematic/inertial
navigation system (RTK/INS, MTi-680G). The RTK/INS sys-
tem serves as a high-precision reference, providing accurate
ground-truth values. The test trajectory, depicted in Fig. 12 as
a blue line, is conducted on the campus of Xidian University.
This route is carefully designed to evaluate the performance
of the proposed maneuvering target-tracking algorithm under
realistic and challenging driving conditions. The trajectory
includes a variety of dynamic scenarios, such as sharp
turns, rapid acceleration, sudden deceleration, and continu-
ous turning, creating a complex and representative driving

TABLE IV

TECHNICAL SPECIFICATIONS OF THE MTI-680G
INTEGRATED NAVIGATION SYSTEM

environment. These scenarios are strategically incorporated to
test the system’s ability to handle abrupt changes in motion.

The MTi-680G is a high-performance GNSS/INS module
equipped with an integrated u-blox ZED F9 RTK receiver.
By utilizing RTCM 3.3 corrections via an RS232 interface,
it achieves a centimeter-level positioning accuracy of 1 cm.
For attitude estimation, the system provides high-precision
measurements with an accuracy of 0.2◦ for roll/pitch and
0.8◦ for heading. The specific technical parameters of the
sensor are summarized in Table IV, which details key intrinsic
parameters including the noise density and bias instability for
both the gyroscope and accelerometer. Specifically, the gyro-
scope features a noise density of 0.007◦/s/(Hz)1/2 and a bias
instability of 8◦/h, while the accelerometer exhibits a noise
density of 60 µg/(Hz)1/2 and bias instabilities of 10 µg(x, y)
and 15 µg(z). These low-noise characteristics effectively min-
imize velocity and angular random walk. Furthermore, the
G-sensitivity of 0.001◦/s/g accounts for potential drift induced
by UAV platform vibrations and maneuvering accelerations.
These high-fidelity spatial parameters establish the MTi-680G
as a reliable ”ground-truth” reference for evaluating the pro-
posed algorithm.

The experimental analysis of the vehicle’s motion charac-
teristics is conducted across three distinct trajectory segments,
each designed to evaluate specific aspects of system per-
formance. The trajectory is systematically divided into
Segments A–C, with each segment representing unique motion
patterns and corresponding performance challenges. In Seg-
ment A, the vehicle executed rapid acceleration maneuvers,
providing a rigorous test of the system’s responsiveness to
sudden changes in velocity. This segment specifically assessed
the system’s capability to maintain accurate positioning and
tracking during intense acceleration phases. Segment B is
designed to evaluate the system’s performance during sharp
turning maneuvers. The vehicle’s abrupt directional changes
in this segment tested the system’s ability to handle rapid
variations in heading while maintaining tracking accuracy,
particularly during high-curvature motion. Segment C presents
the most complex scenario, combining continuous turning
maneuvers with rapid acceleration. This segment is specifically
designed to assess the system’s performance under sustained
dynamic stress conditions, where simultaneous changes in both
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Fig. 13. Position RMSE comparison between the proposed method and the
IMM method.

velocity and direction created a challenging environment for
motion tracking and position estimation.

The position estimation results, as illustrated in Fig. 13, offer
a comprehensive comparison between the proposed MD-DL-
KF algorithm and the classical IMM method for maneuvering
target tracking. The results highlight a clear distinction in
performance: the IMM method is prone to significant peak
errors during sharp turns, whereas the MD-DL-KF algo-
rithm consistently delivers highly accurate estimations. This
notable performance improvement is primarily driven by the
algorithm’s sophisticated attention mechanism, which adeptly
captures and leverages both temporal and spatial correlations
inherent in the data. In contrast to the IMM method, which is
constrained by the first-order Markov assumption and conse-
quently experiences model latency, the MD-DL-KF algorithm
overcomes these limitations. This enables robust and precise
tracking even in complex driving scenarios. A specific example
of this advantage is observed in segment C (timestamp approx-
imately ranges from 928.250453956 to 944.250451711 s),
where the vehicle undergoes a rapid acceleration followed by
a sharp turn over a 10-s period. During this maneuver, the
IMM method exhibits a temporary positioning peak error of
approximately 3 m due to model mismatch. In contrast, the
MD-DL-KF algorithm maintains its accuracy, demonstrating
its superior adaptability to dynamic driving conditions.

V. CONCLUSION

This work proposed a deep-learning-based multimodel filter
(MD-DL-MM) for high-accuracy state estimation in maneu-
vering target tracking. The framework combined model-based
and data-driven approaches, leveraged a self-attention-based
discrimination network to dynamically identify target motion
patterns, and adjusted model weights. A hypothesis testing-
based model-switching mechanism ensured distinguishable
motion models, while two tailored state estimation meth-
ods enhanced adaptability across different motion scenarios.
Several advantages were offered by the proposed algorithm
compared to SOTA methods: 1) precise identification of the
motion form at each stage; 2) minimization of the impact
of incorrect models, reducing model mutual interference;
and 3) robust performance, with adaptable state estimation
methods that effectively handled model-switching in dynamic
motion scenarios, making it versatile across different appli-
cations. However, the algorithm did have some limitations.
For instance, the data-driven state estimation method (DL-KF)

experienced performance degradation in scenarios with sensor
measurement losses. This was because DL-KF primarily relied
on historical measurement data and was designed to excel in
complex maneuvering scenarios, which often required large
amounts of data.

In the future, we aim to incorporate transfer learning or data
imitation techniques into the proposed framework. This would
enhance the stability and precision of the estimates, especially
in cases where there are no sudden maneuvers in the training
set. By doing so, it is envisioned that the model-assisted,
data-driven approach would have broader applicability in real-
world scenarios, further enhancing its applicability in diverse
tracking environments.
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