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Abstract: When conducting maneuver target tracking, trajectory initialization plays a crucial role in
enhancing the accuracy of tracking algorithms. During maneuver target tracking, the accuracy of
the tracking algorithm can be significantly improved through trajectory initialization. However, the
traditional trajectory initialization algorithms face issues such as susceptibility to noise interference,
lack of universality, and poor robustness in environments with high clutter levels. To address these
issues, this study proposes a trajectory initialization algorithm based on multidimensional fuzzy
clustering (MDF-clustering). The algorithm utilizes multidimensional feature information of the
target, such as speed and irradiance, to determine point trajectory affiliation by assigning weights
based on the clustering center of each feature type. Subsequently, it updates the clustering center and
weight assignment using the new target features, ultimately deriving the correct trajectory through
iterative processes. Experimental results demonstrate that the proposed method achieves an average
stable initialization frame number of 3.12 frames, an average correct trajectory initialization rate
of 99.59%, an average false trajectory occupancy rate of 0.04%, and an average missed batch rate
of 0.06%. These results indicate improvements of at least 0.87 frames, 27.11%, 60.28%, and 6.48%,
respectively, in terms of initialization rate, false trajectory rate, and missed batch rate, when compared
to traditional methods. The algorithm enhances the accuracy and robustness of trajectory initialization
in challenging environments characterized by solid clutter and target maneuvers, offering significant
practical value for target tracking in complex scenarios.

Keywords: multi-target tracking; trajectory batching; fuzzy clustering; data fusion

1. Introduction

Multi-target tracking is widely used in surveillance, autonomous driving, and mil-
itary applications. Given the escalating complexity of the global security landscape, the
significance of this technology within the military domain has become increasingly pro-
nounced, particularly in military early warning, battlefield situational awareness, and
target reconnaissance. Multi-target tracking is an essential technology in modern military
operations, significantly improving operational efficiency, precision, and real-time strategic
decision-making [1].

Recent sensor and image processing advancements introduced novel algorithms for
tracking maneuvering targets. For instance, Junwei et al. [2] proposed a novel method
to enhance the accuracy and efficiency of maneuvering target tracking by analyzing and
processing sensor data in intricate environments. Similarly, RuiPing Ji et al. [3] introduced
a concave optimization-based initialization method for multi-target tracking, leveraging
optimization algorithms to improve target identification and classification during the early
stages. Wei Yi et al. [4] developed a multi-frame tracking pre-detection algorithm tailored to
scenarios characterized by high dynamic variations and low signal-to-noise ratios, thereby
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addressing the complexities of maneuver target tracking. Additionally, Yaakov Bar-Shalom
et al. [5] devised a multi-model estimator for tracking sharply maneuvering ground targets,
enhancing tracking accuracy through the integration of multiple motion models to adapt to
rapid changes in target motion. Current methods work well in certain cases but struggle to
generalize across environments and target types.

The trajectory initialization process, as a crucial aspect of target tracking [6], serves as
a digital representation of a natural physical phenomenon. It is essential for describing,
analyzing, and solving problems related to tracking maneuvering targets. The method
converts sensor data into a digital format, enabling dynamic target analysis. Trajectory
initialization not only plays a key role in efficient target tracking and monitoring but also
significantly impacts various aspects of tracking, such as accuracy, prediction capability,
and responsiveness to complex airspace situations. Therefore, the efficiency and accuracy
of trajectory initialization are vital for real-time data processing, flight tracking [7], and
long-term target motion prediction and analysis. Researching effective and stable trajectory
initialization methods is crucial for target detection and tracking, especially in scenarios
with solid clutter. Efficient initialization of trajectory parameters is essential for ensuring
stable and accurate tracking systems. Enhancing the universality, accuracy, and response
speed of trajectory initialization algorithms directly influences the stability and practicality
of tracking systems. Trajectory initialization methods are categorized as batch or sequential
processing [8]. Sequential processing techniques, such as the intuitive method, logic-based
method, and modified logic method, are suitable for clutter-free scenes. On the other
hand, batch processing techniques, like the Hough transform, suit high-clutter scenarios.
Various trajectory initialization algorithms have been proposed in the literature. Dong Zhi-
rong [9] introduced a method based on kinematics to determine if measured data belongs
to the same target. Su Feng et al. [10] enhanced the trajectory initialization algorithm by
incorporating constraints in the correlation domain to eliminate V-shaped measurement
point traces. Xu Hong et al. [11] improved the traditional correlation wave gate structure
with angular constraints using a modified Hough transform for batch processing. Wang
Guohong et al. [12] developed a trajectory initialization algorithm that combines the Hough
transform and the 3/4 logic method. Jin, Z et al. [13] presented a multi-hypothesis, multi-
rule, adaptive trajectory initialization algorithm that filters clutter with a density clustering
algorithm, retains historical information, and utilizes an adaptive initial period to suppress
false targets. Liu Zeng et al. [14] proposed a trajectory initialization algorithm based on
adaptive gates and a fuzzy Hough transform, effectively reducing false alarms and achiev-
ing high-quality trajectory initialization. Feng Yang et al. [15] introduced a density-based
random sample consensus (DB-RANSAC) algorithm for trajectory initialization in dense
clutter environments, leveraging spatiotemporal domain information to enhance initializa-
tion efficiency. Alejandro Pastor et al. [16] introduced a TSEPM algorithm that integrates
multi-hypothesis tracking with a modified logic-based trajectory initialization method.
This approach aims to enhance detection rates and decrease false alarms. In scenarios
where trajectory initialization for weak targets in cluttered environments is challenging,
conventional algorithms are often hindered by noise, frequent target ID changes, and diffi-
culties in trajectory synthesis. These issues can lead to unstable initial feature parameters
for the target, ultimately impacting the accuracy, stability, and robustness of subsequent
tracking processes.

The accuracy of these methods relies heavily on precise initial conditions and parame-
ter settings, necessitating a comprehensive understanding of algorithms and application
contexts for practical adjustments. Trajectory initialization is vital for obtaining trajectory
parameters early and resolving issues from incorrect initial conditions. By optimizing these
initial conditions and parameters, trajectory initialization helps mitigate the impact of envi-
ronmental noise and other disturbances. As such, trajectory initialization not only enhances
the accuracy and efficiency of target tracking but also serves as a fundamental strategy
to overcome limitations in existing tracking methods and enhance algorithm adaptability
and generalization.
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Recent advancements in predictive modeling, particularly in complex physical sys-
tems, have introduced methods that integrate domain knowledge with data-driven mod-
els. One such approach is the Kolmogorov-Arnold Network (KAN), which has shown
great promise in improving the robustness and accuracy of systems operating in dynamic
and noisy environments. KAN enables the incorporation of expert knowledge into the
learning process, allowing for better handling of uncertainty and noise. This has been
particularly effective in tasks such as trajectory initialization and human–robot interac-
tion, where the system needs to adapt rapidly to changing conditions and high levels of
environmental clutter.

The field of target tracking has seen significant progress in recent years, especially in
tackling challenges posed by cluttered environments and dynamic target behaviors. Current
research demonstrates a growing emphasis on improving the robustness and adaptability
of tracking algorithms. Techniques have become more sophisticated in handling noise
interference and adapting to varying target motions. However, many approaches still
face challenges in maintaining consistency across different environments. For instance,
algorithms often perform well under controlled conditions but encounter difficulties when
applied to more unpredictable or real-world scenarios. Furthermore, while accuracy has
improved, issues related to false alarms and initialization delays persist. These limitations
highlight the need for further advancements in achieving reliable, real-time tracking, espe-
cially in environments with high levels of clutter and target maneuverability. Despite these
challenges, the continuous refinement of existing algorithms shows promising potential for
future developments.

This paper presents a trajectory initialization algorithm using multi-dimensional
fuzzy clustering to solve challenges in cluttered environments and target maneuvers. The
algorithm combines target motion and appearance features, assigning dynamic feature
weights for accuracy, robustness, and adaptability. The key contributions are:

(1) Multi-dimensional feature fusion and dynamic weight allocation mechanism: By inte-
grating multi-dimensional feature information, the algorithm can better differentiate
between targets and background noise. The adaptive weight allocation mechanism
adjusts the weight of each feature based on target characteristics and environmental
conditions, enhancing the algorithm’s universality and accuracy.

(2) Enhanced fuzzy clustering processing mechanism: Traditional fuzzy clustering algo-
rithms are prone to noise interference in complex environments, reducing clustering
accuracy. This algorithm mitigates the impact of environmental noise and non-target
factors by optimizing clustering center selection and updating strategies, thereby
improving clustering accuracy and stability.

The remainder of this paper is organized as follows: Section 2 introduces the trajectory
initialization algorithm based on MDF-clustering. Section 3 describes the experimental
setup and the evaluation metrics used to assess the performance of the algorithm. Section 4
presents and analyzes the experimental results. Finally, Section 5 concludes the paper and
discusses potential directions for future research.

2. Trajectory Initialization Based on MDF-Clustering

In complex environments, traditional trajectory initialization algorithms are often
hindered by issues such as noise interference, lack of universality, and limited robustness,
especially when dealing with high-level clutter. These limitations are particularly evident
in scenarios with high clutter and maneuvering targets. To overcome these challenges,
this paper proposes a novel trajectory initialization algorithm based on multidimensional
fuzzy clustering (MDF-clustering). By incorporating multidimensional feature information
such as speed and irradiance, the algorithm dynamically assigns feature weights to accu-
rately determine trajectory affiliation. This approach not only enhances the accuracy and
robustness of trajectory initialization but also adapts effectively to rapidly changing and
complex environments.
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2.1. Basic Concepts of Fuzzy Clustering

In the application of the fuzzy clustering algorithm [17,18], consider a set containing n
data points, let the dataset X = {x1 . . . , xn}, and its fuzzy set K is represented by the matrix
U =

[
uij
]
, where the element uij denotes the degree of affiliation of the data point xj to the

ith category, and uij satisfies the following conditions.

∀j,
n

∑
i=1

uij = 1 (1)

∀i, j, uij ∈ [0, 1] (2)

∀i,
n

∑
j=1

uij > 0 (3)

The current widely used clustering criterion is to minimize the sum of squared
weighted errors within classes, i.e.,

(min)Jm(U, V) =
n

∑
j=1

c

∑
i=1

um
ij d2

ij
(
xj, vi

)
(4)

This is usually carried out by determining the clustering center V. In this method, m is
used as a weighted index and dij

(
xj, vi

)
=
∥∥vi − xj

∥∥ as a measure of the distance between
xj and vi.

The Lagrange multiplier method is employed to solve this objective function, provid-
ing and optimal solution for the affiliation matrix U and the clustering center V:

uij =

 K

∑
k=1

(
dij

dkj

) 2
m−1
−1

(5)

vi =
∑n

j=1 xj·µm
ij

∑n
j=1 µm

ij
(6)

2.2. Fuzzy Clustering Based on Multidimensional Features

χ = (X1, . . . , XM) is a set of input data after target detection,. There are n targets in
the data, which in turn contain M target feature variables, where these M variables, as
a kind of mixed feature variables, possess multiple types of features, such as data types,
qualitative data, time series data, etc. That is, the input dataset χ contains S types of feature
variables, and for every kind of feature attribute, there are ps variables, so

s = 1, . . . , S; 1 < S ≤ P; 1 ≤ ps < P (7)

can be interpreted as follows: the feature variables of the first n1 targets are of the same
type of variables (e.g., data type), and the feature variables of the second n2 targets are
also of the same kind of variable, but of a different kind (e.g., qualitative variable) than the
characteristic variable of the first n1, so that

χ = (χ1, . . . , χs, . . . , χS) (8)

where χs ≡
{

Xp1+...+ps−1+1, . . . , Xp1+...+ps

}
represents the set of feature variables of the sth

type. And χis represents the set of values observed for the ith target on the ps variable of
the sth type.

Since the feature types in this paper include two types, one for data variables and one
for qualitative variables, let χ = {χ1, χ2}, where χ1 is the set of two data type variables and
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χ2 is the set of two qualitative variables. Then, S = 2, n1 = n2 = 2, P = 4, χ1 = {X1, X2}
and χ2 = {X3, X4}.

For data type variables, χis = Xis is a vector of ps values observed on the ith target.
For a data sequence of length Q, χis = Xis is a Q × ps matrix, where the rows of the matrix
represent the features entered in the sequence q(q = 1, . . . , Q); and the columns of the
matrix represent the sequence on the ps variable of the data input on the ith target [19]. The
same is true for the qualitative variable types.

Multidimensional data presents a unique challenge in trajectory initialization due
to the varied nature of the target features. These features can include both numeric vari-
ables, such as speed and irradiance, and qualitative variables, such as target shape and
contrast. To handle these diverse data types, the MDF-clustering algorithm employs a
combination of Mahalanobis distance for numeric variables and a symbolic distance metric
for qualitative variables.

The Mahalanobis distance is particularly effective in this context as it adjusts for
correlations between different features [20], ensuring that the scale of the features does
not skew the clustering results. Meanwhile, the symbolic distance metric is designed to
handle qualitative attributes, which do not have a natural numeric representation but are
nonetheless crucial for distinguishing between different targets.

By integrating these distance metrics [21], the algorithm calculates the overall weighted
distance between the target’s feature set and the clustering center. This weighted distance is
then minimized through an iterative process, allowing the algorithm to continuously refine
its cluster assignments and improve the accuracy of trajectory initialization in cluttered
and noisy environments.

On the other hand, traditional metrics for numeric data are not suitable for symbolic
data, as symbolic data possess unique properties and structures. The expression and mean-
ing of symbolic data can differ significantly from numerical data. Therefore, a specific
metric tailored to symbolic data characteristics, such as the symbolic data difference mea-
sure, is necessary to assess similarities or differences between symbolic data accurately.
Therefore, the distance between different targets, i.e., the distance between the ith unit and
the i′ unit calculated according to the nature of the ith variable type, is as follows:

sdii′ = d(χis, χi′s) (9)

We can obtain

d2
ii′ =

S

∑
s=1

(ws·sdii′)
2 =

S

∑
s=1

[ws·d(χis, χi′s)]
2 (10)

The above equation is the overall weighted squared distance considering S attribute
types. Since the weights of the squared distances are in quadratic form, the distances are
weighted squared.

In the scenario of this paper, 1dii′ = d(χi1, χi′1), 2dii′ = d(χi2, χi′2) are the pairwise
distance matrices, such as the Martian distance of χ1 and the symbolic distance of χ2,
respectively. Then, the total distance is:

d2
ii′ = (w1·1d ii′)

2 + (w2·2d ii′)
2 (11)

According to the fuzzy association matrix in the fuzzy framework, suppose
∼
χs ={∼

χ1s, . . . ,
∼
χcs, . . . ,

∼
χC′s

}
is a subset of χs, the clustered clusters are C, and

∼
χC′s ∈

∼
χs is the

eigenvalue in the C′th cluster in
∼
χs. Then,

∼
χs =

{∼
χ1s, . . . ,

∼
χcs, . . . ,

∼
χC′s

}
is a subset of χ

representing the centroid of the current cluster, and its number of clusters after clustering
is C.
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The above formulas can be summarized as follows, providing a concise representation
of the key mathematical relationships used in this study.

min :
n
∑

i=1

C
∑

c=1
um

ic d2
ic =

n
∑

i=1

C
∑

c=1
um

ic

S
∑

s=1
(ws·sdic )

2

=
n
∑

i=1

C
∑

c=1
um

ic

S
∑

s=1
[ws·d(χis, χi′s)]

2

(s.t.)
C
∑

c=1
uic = 1, uic ≥ 0

S
∑

s=1
ws = 1, ws ≥ 0

(12)

where uic denotes the affiliation of the ith object in the cth cluster; m > 1 is a weight index to
control the ambiguity of the resulting partition;

∼
χcs is the cth component of the cth centroid,

associated with the sth variable type; sdic = d
(

χis,
∼
χC′s

)
denotes the distance between

the ith observation and the cth centroid according to the sth variable type; to facilitate the
comparison of the different attribute types, the S-distance sdic is normalized to vary in the
range [0,1]; d2

ic = ∑S
s=1(ws·sdic )

2 is the overall weighted squared distance between unit i
and centroid c based on all variable types; ws is the weight associated with the sth variable
type, and therefore with the sth distance (s = 1, . . . , S).

The weights ws constitute the specific parameters to be estimated in the clustering pro-
cedure.

The formula for the degree of affiliation and the formula for the variable type weights
are derived by solving Equation (12):

uic =
1

∑C
C′=1

[
∑S

S=1(ws·sdic )
2

∑S
S=1(ws·sdic′ )

2

] 1
m−1

(13)

wS =
1

∑S
S′=1

[
∑n

i=1 ∑C
C=1 um

ic sd2
ic

∑n
i=1 ∑C

C=1 um
ic s′d

2
ic

] 1
m−1

(14)

In the context of this study, the relevance of different attribute types in the data
clustering process is crucial. It is essential to prioritize attribute types that significantly dif-
ferentiate between groups when clustering target objects [22]. The weight wS represents the
sum of deviations of type S variables within each cluster, indicating the level of consistency
within the group. As the deviation of a type S variable decreases within the target group,
its weight wS increases. This highlights that the optimization process values variables that
increase similarity among units within clusters. Therefore, it is possible to iteratively adjust
weights to gradually reach the final weight assignment.

By emphasizing the importance of variable types in cluster analysis for distinguishing
groups, type weights wS are introduced to quantify the impact of individual variables on
group consistency. These weights not only reflect the homogeneity of group characteristics
but also unveil the true significance of each variable type as the algorithm dynamically
adjusts during iterations. Within this framework, the Lagrange multiplier method is em-
ployed to solve the constrained optimization problem, ensuring that the sum of affiliation
degrees adheres to the requirements of a probability distribution. A Lagrangian function
is formulated to incorporate both affiliation uic and weight wS, with these parameters
optimized by determining the extreme values of this function as shown in Equation (15):

Lm(ui, λ) =
n

∑
i=1

C

∑
c=1

um
ic

S

∑
s=1

(ws·sdic)
2 − λ

(
C

∑
c=1

uic − 1

)
(15)
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where ui = (ui1, . . . , uic, . . . , uiC)
′ and λ is the Lagrange multiplier. Therefore, setting the

first order derivatives of Equation (15) with respect to uic and λ to zero yields:

∂Lm(ui, λ)

∂uic
= 0 ⇔ mum−1

ic

S

∑
s=1

(ws·sdic)
2 − λ = 0 (16)

∂Lm(ui, λ)

∂λ
= 0 ⇔

C

∑
c=1

uic − 1 = 0 (17)

According to Equation (16) it can be concluded that

uic =

[
λ

m∑S
s=1(ws·sdic)

2

] 1
m−1

(18)

It can be derived by also considering Equation (17):

λ

m
=


1

∑C′
c=1

[
1

∑S
s=1(ws·sdic )

2

]


1
m−1

(19)

Finally, Equation (19) is substituted into Equation (18) to obtain uic as shown in
Equation (13). uic is then fixed to yield ws. The Lagrangian function is

Lw(w, ξ) =
n

∑
i=1

C

∑
c=1

um
ic

S

∑
s=1

(ws·sdic )
2 − ξ

(
C

∑
c=1

uic − 1

)
(20)

where w = (w1, . . . , ws, . . . , wS)
′ and ξ are Lagrange multipliers. Setting the first order

derivatives of Equation (20) with respect to ws and ξ equal to zero, one obtains respectively

∂Lm(w, λ)

∂ws
= 0 ⇔ 2ws

n

∑
i=1

C

∑
c=1

um
ic ·sd2

ic − ξ = 0 (21)

∂Lm(w, λ)

∂ξ
= 0 ⇔

S

∑
s=1

ws − 1 = 0 (22)

It can be derived from Equation (21):

ws =
ξ

2∑n
i=1 ∑C

c=1 um
ic ·sd2

ic

(23)

After that, it is derived using Equation (21):

ξ

2
=

1

∑S
s=1

(
1

∑n
i=1 ∑C

c=1 um
ic ·sd2

ic

) (24)

Then, the weight formula in Equation (14) is obtained by replacing Equation (24)
with Equation (23). In this way, using the combination of the weight information and the
affiliation degree information of fuzzy clustering, the multi-dimensional fuzzy clustering is
achieved to differentiate the target and background clutter.

The detailed step-by-step process can be found in Algorithm 1, which illustrates the
initialization membership update, weight update, and centroid recalculation steps of the
MDF-clustering algorithm.
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Algorithm 1 Multi-Dimensional Fuzzy Clustering Method (MDF-Clustering) Algorithm
Input:

- χ: Set of detected target points
- C: Number of clusters
- Max_iter: Maximum number of iterations
- S: Number of feature types
- m: Fuzziness parameter

Output:
- Cluster centroids

∼
χCs

- Affiliation matrix U
1. Initialize:

1.1. Set iteration = 0;
1.2. Set the c value and Max_iter

1.3. Randomly select initial medoids:
∼
χs =

{∼
χ1s, . . . ,

∼
χcs, . . . ,

∼
χCs

}
, s = 1, . . . , S

2. Repeat the following steps until convergence or max iteration reached:

2.1. Store the current medoids:
∼
χOLD,s =

∼
χs, s = 1, . . . , S

2.2. Update affiliation matrix u for each point i and cluster c
2.3. Update weights for each feature type ws

2.4. Recalculate centroids for each cluster
∼
χCs

For each cluster c, recalculate the centroid
∼
χCs by finding the point q that

minimizes the total distance:

q = argmin1≤i′≤n
n
∑

i′′=1
um

i′′
S
∑

s=1

(
ws·sdi′ ,i′′

)2

2.5. Update centroids for each feature type S with the newly calculated medoids
∼
χCs

2.6. Check for convergence:
2.7. Increment iteration counter by 1

3. Output final cluster centroids
∼
χCs and affiliation matrix U

2.3. MDF-Clustering Target Trajectory Initialisation Algorithm

The effectiveness of MDF-clustering in the scenario of multiple maneuver target
initialization in a complex environment is verified by simulating a dataset containing three
maneuver targets. The target features contain three numerical attribute variables, including
speed, irradiance and contrast, and two qualitative attribute variables, including target
position and target silhouette features. Therefore, the variable type S = 2 and the set of
feature variables is:

χ = {X1, X2, X3, X4, X5} = {χ1, χ2} (25)

where χ1 = {X1, X2, X3} and χ2 = {X4, X5}.

3. Scenario Setting and Experimental Metrics
3.1. MDF-Clustering Simulation Experiments in Complex Environments

The testing scenarios were designed to closely reflect real-world conditions, ensuring
the relevance of the cases for practical applications. For instance, scenarios with missed
alarms, trajectory crossover, and cloud clutter were chosen because they represent typical
challenges in infrared target tracking environments. The presence of clutter, in particular,
creates complex noise conditions that are common in satellite-based tracking systems.
By simulating various motion patterns, such as linear, curvilinear, and variable-speed
movements, we ensured that the test cases reflect a broad spectrum of potential target
behaviors in realistic tracking scenarios. This design allows for an accurate assessment of
the proposed algorithm’s robustness and reliability under varying conditions, particularly
in high-clutter environments.
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The effectiveness of the MDF-clustering algorithm is evaluated in three distinct simu-
lation scenarios: (1) target leakage, where some alarms fail to detect targets; (2) trajectory
crossover, where multiple target trajectories intersect, making differentiation difficult; and
(3) cloud clutter, where background noise mimics the target features, complicating the
initialization process.

In each scenario, the algorithm is tasked with initializing target trajectories based on
a combination of numerical and qualitative features. The point trace data collected from
these simulations serves as the input for MDF-clustering, which then assigns affiliation
degrees to the detected points. The goal is to verify whether the algorithm can successfully
initialize the target trajectory even in the presence of significant noise and clutter. The
objective is to evaluate the algorithm’s ability to successfully initialize target trajectories,
particularly in the presence of significant noise and clutter, and to quantify its performance
in such challenging environments.

In order to verify the robustness of the algorithms, we have compared the methods
proposed in this paper with classical methods (NN, Slide window, etc.). All the above
algorithms were implemented on a PC (I7-2.8 GHz, I7-8700, 8 GB RAM, MSI, Beijing, China)
using Visual Studio 2019.

After applying simple filtering, 20 sets of point-trajectory data were randomly chosen
for validation in each scenario, resulting in a total of 60 datasets. The marginal distance
and symbolic data difference metric were utilized as distance calculation methods within
the clustering cluster for the two types of variables. The integrated distance was calcu-
lated using Equations (11) and (13) to determine the affiliation results of the point traces.
Subsequently, the authenticity of the target was assessed based on the affiliation results.

Additionally, statistical weights of different variable types in the three scenarios were
computed using Formula (14), and the statistical information was recorded in Tables 1–3,
respectively.

The figure displays all the point traces and trajectories following the initialization
of each algorithm. Figure 1a illustrates a dataset in the simulation scene with trajectory
intersection when there are 3 targets, consisting of 60 frames of point trace data and one
frame. Figure 1b–f depict the sliding window method, the Hough transform method, the
intuition method, the nearest neighbor method, and the initialization results of this paper
for this particular set of simulation data in this scene.

Table 1. MDF-clustering assigns average weights under target leakage alarms.

Variable Type Variable Distance Method Weights

Number

velocity
Marginal distance

0.734
spoke brightness

contrast
coordinates Euclidean distance

symbolic variable Contour information Symbolic data discrepancies 0.266

Table 2. MDF-clustering under trajectory crossover assigns average weights.

Variable Type Variable Distance Method Weights

Number

velocity
Marginal distance

0.775
spoke brightness

contrast
coordinates Euclidean distance

symbolic variable Contour information Symbolic data discrepancies 0.225
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Table 3. MDF-clustering assigns average weights in the context of cloud clutter.

Variable Type Variable Distance Method Weights

Number

velocity
Marginal distance

0.517
spoke brightness

contrast
coordinates Euclidean distance

symbolic variable Contour information Symbolic data discrepancies 0.483
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3.2. MDF-Clustering Algorithm Evaluation Index

The evaluation of the algorithm’s effectiveness involves comparing the results of
the other four algorithms in three scenarios with different false alarm rates using three
evaluation methods.

(1) The average number of frames required for target stabilization initialization

One of the evaluation methods employed to assess the algorithm’s performance in-
volves calculating the average number of frames required for target stabilization and
initialization. This metric is crucial as it reflects the efficiency of the target tracking al-
gorithm by indicating the time needed for the algorithm to achieve a stable state from
the initialization of tracking. A lower value suggests that the algorithm can quickly and
accurately lock on and track the target stably, demonstrating the responsiveness of the
algorithm. The average number of frames for stable initialization is calculated using the
following formula:

fs =
∑Q

q=3 fsq

Q
(26)

(2) Average occupancy rate of false trajectories

The average false track occupancy is a metric used to assess the ratio of false tracks
detected to all tracks detected by the target tracking algorithm. A lower value suggests that
the algorithm is successful in differentiating between actual targets and noise, resulting in
a lower false alarm rate and ensuring the accuracy and reliability of the generated results.
The formula for calculating this metric is as follows:

FPq ≜

∑N
i=1 Fi

∑N
i=1 Ri

N
(27)

The false trajectory occupancy rate FPq is calculated under various false alarm rates
q, with Fi representing the false trajectory and Ri representing the actual trajectory of
simulations at a specific false alarm rate. The variable N denotes the total number of
simulation runs at this false alarm rate.

FP ≜
∑Q

q=3 FPq

Q − 3
(28)

FP represents the average false track occupancy and Q represents the maximum false
alarm rate.

(3) Average Initialization Rate of Correct Trajectory

The average initialization rate of correct trajectory measures the ability of the target
tracking algorithm to accurately identify and start tracking the real target at the initial stage.
This index reflects the algorithm’s capability to identify and initiate tracking of the actual
target. A higher value indicates a more accurate tracking of the target in the initialization
phase. The formula for this is:

DPq ≜
∑N

i=1 Ti
TAll

N
(29)

DPq represents the correct trajectory initialisation rate at different false alarm rates
q, Ti, TAll represent the number of accurate trajectories initialized and the total number
of actual target trajectories for the ith simulation at a given false alarm rate, respectively,
and N represents the total number of times the simulation has been performed at that false
alarm rate.

DP ≜
∑Q

q=3 DPq

Q − 3
(30)
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DP represents the average false track occupancy and Q represents the maximum false
alarm rate.

(4) Trajectory leakage rate

The miss rate is the proportion of targets that should be detected by the system but
are not detected. This metric reflects the tracking system’s inability to detect targets, and its
formula is as follows:

Rm =
Nnon_det
Nalltar

(31)

Rm represents the missed batch rate of the trajectory, Nnon_det represents the number
of undetected targets, and Nall_tar represents the total number of valid targets.

4. Analysis of Experimental Results
4.1. Simulation Scene Setting

This study investigates the effectiveness of using MDF-clustering for initializing ma-
neuvering target trajectories in complex environments. The proposed method is compared
with the nearest neighbor method [23], the Hough transform method [24,25], the sliding
window method [26], and the intuitive method [27].

The Nearest Neighbor (NN) method is a classical approach that has been extensively
applied in multi-target tracking due to its computational simplicity and efficiency in
environments with low clutter. However, its performance deteriorates significantly in
high-noise conditions, as it lacks the inherent ability to discriminate between targets and
environmental clutter. Similarly, the Hough Transform is recognized for its robustness in
detecting straight-line trajectories, yet it encounters difficulties when tracking targets with
complex motion dynamics, such as curvilinear or highly maneuverable behaviors. The
Sliding Window method, though effective in handling short-term fluctuations in data, fails
to sustain accuracy when tracking targets over longer durations, particularly in scenarios
with trajectory crossovers or dense clutter. These methods were chosen as baselines in
this study because they represent well-established, standard approaches in the field of
target tracking, offering a comprehensive framework for evaluating the performance of
the proposed MDF-clustering algorithm. By comparing against these traditional methods,
the enhancements of the MDF-clustering approach in terms of accuracy, robustness, and
adaptability in cluttered and dynamic environments are effectively demonstrated.

The scene construction for space-based infrared sensor observation and tracking
scenarios of airborne targets is conducted using STK 12.1 simulation software. The sensor
platform’s flight altitude is set at 1000 km, and three targets are placed within the scene
based on aerial target motion characteristics [28] and scene characteristics [29]. The initial
speeds of the targets in different simulation groups are all 300 m/s, exhibiting various
motion patterns such as uniform linear motion, uniform curvilinear motion, uniformly
accelerated linear motion, uniformly accelerated curvilinear motion, variable-speed linear
motion, and variable-speed curvilinear motion. The infrared sensor’s sampling frequency
is 0.1 s, with a spatial resolution of 25 m. Three scenarios are simulated: target existence
with missed alarms, target trajectory existence with crossover, and target presence in cloud
clutter background. Poisson distribution [30] is used to add clutter to the sensor output,
with data ranging from 3% to 11% based on the false alarm rate. Each scenario comprises
30 datasets per false alarm rate.

4.2. Evaluation Results

To verify the statistical significance of the observed improvements, we calculated
confidence intervals for the performance metrics (e.g., average initialization frames, false
trajectory occupancy rates). We ran 60 iterations for each dataset and averaged the results
to minimize random variations. The improvements in the MDF-clustering algorithm’s
performance were consistent across iterations, with 95% confidence intervals demonstrating
that the differences are statistically significant.
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(1) Average number of frames required for target stabilization initialization

The number of stable initialization frames for each algorithm across different false
alarm rates was counted, and the average stable initialization frames for each scenario were
calculated. The results are shown in the following figures.

Tables 4–6 and Figures 2–4 depict the average number of frames required for stable
initialization by each algorithm at varying false alarm rates across three scenarios. The per-
formance comparison reveals a consistent trend in the image curves. The MDF-clustering
algorithm outperforms other algorithms in all scenarios and false alarm rates, reducing the
number of stabilized initialized frames by 2.14, 0.87, 4.15, and 9.07 frames compared to the
nearest-neighbor, Hough transform, intuition, and sliding-window methods, respectively.
Notably, as the false alarm rate increases, this algorithm shows a more moderate growth
rate in the average number of frames for stable initialization at 0.013, whereas other algo-
rithms experience growth rates of 0.035, 0.039, 0.028, and 0.030, indicating a higher level of
robustness and adaptability of the MDF-clustering algorithm.

Table 4. The average number of stable starting frames for each algorithm with different false alarm
rates in target leakage scenarios.

False Alarm Rate MDF Clustering NN Hough Transform Intuitivenotion Sliding Window

3% 3 3.4 3.15 4.9 8.05
4% 3 3.55 3.15 5 8.15
5% 3 3.65 3.2 5.1 8.45
6% 3 3.85 3.25 5.3 8.55
7% 3 4.05 3.35 5.6 9.95
8% 3.15 4.25 3.4 5.8 10.6
9% 3.2 4.55 3.6 6.05 10.9
10% 3.25 4.75 3.75 6.3 11.15
11% 3.3 4.95 3.95 6.55 11.6

Table 5. The average number of stabilized starting frames for each algorithm with different false
alarm rates in the trajectory crossing scenarios.

False Alarm Rate MDF Clustering NN Hough Transform Intuitivenotion Sliding Window

3% 3.1 4.25 3.6 5.2 8.45
4% 3.15 4.3 3.65 5.35 8.6
5% 3.1 4.45 3.75 5.45 8.75
6% 3.2 4.55 3.85 5.6 8.95
7% 3.25 4.75 4 5.7 9.2
8% 3.35 5.1 4.2 5.9 9.35
9% 3.4 5.3 4.35 6.2 9.55
10% 3.4 5.4 4.55 6.35 9.7
11% 3.45 5.7 4.75 6.5 10.2

Table 6. Stabilized starting batch average frames for each algorithm with different false alarm rates in
cloud clutter backgrounds.

False Alarm Rate MDF Clustering NN Hough Transform Intuitivenotion Sliding Window

3% 3 4.55 3.3 6.4 10.4
4% 3 4.7 3.4 6.55 10.75
5% 3 4.8 3.5 6.85 10.9
6% 3 5.05 3.6 7.05 11.35
7% 3.05 5.15 3.9 7.25 11.95
8% 3.1 5.3 4.05 7.35 12.5
9% 3.2 5.55 4.3 7.55 13

10% 3.25 5.7 4.55 7.7 13.45
11% 3 4.55 3.3 6.4 10.4
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(2) Average occupancy rate of false trajectories

By counting the occupancy rate of false trajectories in each scenario and calculating
the average occupancy rate of false trajectories for different algorithms in each scenario,
the following figures are derived.

Tables 7–9 and Figures 5–7 display the average false trajectory occupancy of each
algorithm across three scenarios with varying false alarm rates. Through comparative
analysis, the MDF-clustering algorithm exhibits the lowest false trajectory occupancy
rates of 0.04%, 0.05%, and 0.04% in all scenarios, showcasing its superior performance
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in mitigating false initializations. On the other hand, while the nearest-neighbor, Hough
transform, and sliding-window methods show moderate effectiveness in specific scenarios,
their ability to suppress false trajectories diminishes as the false alarm rate increases. Hence,
the MDF-clustering algorithm outperforms other methods in terms of tracking accuracy,
especially in complex dynamic environments.
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Table 7. Average false trajectory occupancy by algorithms with different false alarm rates in target
leakage scenarios.

False Alarm Rate MDF Clustering NN Hough Transform Intuitivenotion Sliding Window

3% 0.00% 63.54% 51.36% 78.29% 85.44%
4% 0.00% 63.82% 51.42% 78.46% 85.87%
5% 0.00% 64.03% 52.17% 80.20% 86.91%
6% 0.00% 65.10% 53.44% 79.93% 87.26%
7% 0.00% 65.83% 54.26% 81.63% 87.84%
8% 0.16% 66.36% 56.47% 81.59% 89.15%
9% 0.07% 67.88% 57.19% 83.01% 89.96%

10% 0.14% 68.96% 57.30% 83.77% 90.10%
11% 0.17% 69.22% 58.76% 84.56% 90.82%

Table 8. Average false trajectory occupancy of each algorithm with different false alarm rates in
trajectory intersection scenarios.

False Alarm Rate MDF Clustering NN Hough Transform Intuitivenotion Sliding Window

3% 0.00% 76.22% 42.92% 68.33% 80.35%
4% 0.00% 77.35% 43.11% 68.73% 81.66%
5% 0.00% 77.54% 43.52% 69.32% 82.62%
6% 0.00% 78.16% 43.90% 69.78% 83.65%
7% 0.00% 78.57% 44.22% 70.35% 84.27%
8% 0.05% 79.20% 44.28% 70.82% 85.16%
9% 0.07% 79.50% 44.98% 71.16% 85.98%

10% 0.09% 80.32% 45.27% 71.84% 86.27%
11% 0.14% 80.43% 45.83% 72.22% 87.43%
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Table 9. Average false track occupancy of each algorithm with different false alarm rates in the
cloud context.

False Alarm Rate MDF Clustering NN Hough Transform Intuitivenotion Sliding Window

3% 0.00% 84.52% 54.73% 78.63% 95.35%
4% 0.00% 84.64% 55.36% 79.85% 95.48%
5% 0.00% 85.34% 57.16% 80.21% 95.83%
6% 0.00% 86.47% 59.63% 82.15% 95.92%
7% 0.00% 87.34% 60.12% 84.28% 96.03%
8% 0.00% 88.62% 60.94% 85.44% 96.31%
9% 0.06% 89.24% 61.79% 86.93% 96.58%
10% 0.14% 89.86% 63.28% 88.35% 96.75%
11% 0.16% 90.04% 64.88% 89.65% 97.01%
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(3) Average initialization rate of correct trajectories

Statistics on the average initialization rate of correct trajectories in each scenario and
calculation of the average initialization rate of correct trajectories for different algorithms
in each scenario lead to the following figure.

Tables 10–12 and Figures 8–10 display the average initialization rate of each algorithm
for correct trajectories across three different scenarios with varying false alarm rates. Upon
examining the data presented in the figures, it is evident that the MDF-clustering algorithm
maintains an average initialization rate of correct trajectories at 99.63%, 99.59%, and 99.53%
in the respective scenarios. This algorithm consistently achieves a high correct initialization
rate under low and medium false alarm rates, with only marginal decreases of 0.21%, 0.22%,
and 0.22% as the false alarm rate increases. In contrast, when compared to other algorithms,
the average initialization rate experiences reductions of 4.76%, 3.71%, 5.32%, and 7.48%.
The notable finding is the significantly smaller decrease in the correct initialization rate
of the MDF-clustering algorithm in comparison to other methods, particularly evident
in visually complex cloud backgrounds. Consequently, the MDF-clustering algorithm
demonstrates superior performance in correct tracking relative to alternative approaches.

Table 10. Average starting batch rate of correct trajectories for each algorithm with different false
alarm rates for target leakage scenarios.

False Alarm Rate MDF Clustering NN Hough Transform Intuitivenotion Sliding Window

3% 100.00% 95.00% 98.33% 96.67% 83.33%
4% 100.00% 93.33% 96.67% 95.00% 80.00%
5% 100.00% 91.67% 95.00% 93.33% 78.33%
6% 100.00% 90.00% 93.33% 91.67% 73.33%
7% 100.00% 86.66% 91.67% 86.66% 75.00%
8% 100.00% 83.33% 86.66% 80.00% 60.00%
9% 98.33% 73.33% 81.66% 73.33% 56.66%
10% 98.33% 73.33% 81.66% 73.33% 56.66%
11% 98.33% 68.33% 78.33% 64.99% 48.33%
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Table 11. Average starting batch rate of correct trajectories for different algorithms with different
false alarm rates in trajectory intersection scenarios.

False Alarm Rate MDF Clustering NN Hough Transform Intuitivenotion Sliding Window

3% 100.00% 96.67% 98.33% 93.33% 88.33%
4% 100.00% 95.00% 96.67% 90.00% 83.33%
5% 100.00% 93.33% 93.33% 86.66% 80.00%
6% 100.00% 90.00% 91.67% 85.00% 76.66%
7% 100.00% 83.33% 86.66% 81.66% 66.66%
8% 100.00% 78.33% 83.33% 78.33% 60.00%
9% 100.00% 75.00% 81.66% 75.00% 58.33%
10% 98.33% 71.66% 78.33% 71.66% 55.00%
11% 98.33% 66.66% 76.66% 65.00% 50.00%

Table 12. Average batch rate of correct trajectories for different algorithms with different false alarm
rates in the cloud context.

False Alarm Rate MDF Clustering NN Hough Transform Intuitivenotion Sliding Window

3% 100.00% 96.67% 98.33% 93.33% 88.33%
4% 100.00% 95.00% 96.67% 90.00% 83.33%
5% 100.00% 93.33% 93.33% 86.66% 80.00%
6% 100.00% 90.00% 91.67% 85.00% 76.66%
7% 100.00% 83.33% 86.66% 81.66% 66.66%
8% 100.00% 78.33% 83.33% 78.33% 60.00%
9% 100.00% 75.00% 81.66% 75.00% 58.33%
10% 98.33% 71.66% 78.33% 71.66% 55.00%
11% 98.33% 66.66% 76.66% 65.00% 50.00%
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(4) Trajectory leakage rate

The statistics of the trajectory leakage rate in each scenario and the calculation of
different algorithmic trajectory leakage rates in each scenario result in the following figures.

Figures 11–13 depict the leakage rates of each algorithm across three distinct scenarios
with varying false alarm rates. The performance evaluation highlights notable differences
in the MDF-clustering algorithm’s performance across all test scenarios. Specifically, in the
leakage scenario, this algorithm consistently maintains a low leakage rate across different
false alarm rates, only slightly increasing to 1.67% at the highest false alarm rate. Conversely,
other algorithms demonstrate a significant increase in leakage rates as the false alarm rate
rises, with the sliding-window method peaking at a leakage rate of 58.34% at an 11% false
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alarm rate. In the trajectory intersection scenario, the MDF-clustering algorithm also shows
minimal miss-approval rates, remaining at 0% overall. In contrast, the Hough transform
and sliding window algorithms exhibit leakage rates of 21.66% and 45.00%, respectively,
under the same false alarm rate condition, posing challenges in the trajectory intersection
scenario. Lastly, in the cloud background scenario, the MDF-clustering algorithm maintains
a consistently low leakage rate. In comparison, the other algorithms display average
leakage rates ranging from 1.85% to 35.55% when compared to the algorithm proposed in
this paper under similar conditions.
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In the experimental comparison of performance evaluation of trajectory initialization
algorithms, the study analyzed and compared the performance of the MDF-clustering
algorithm with several other commonly used algorithms in the context of target tracking.
The analysis included handling false trajectories, maintaining accurate initialization rates,
initializing frames, and controlling the missed batch rate, showcasing significant advantages
in accuracy and robustness. Target tracking in complex dynamic environments requires
maintaining a high initialization rate and a low false alarm rate while also ensuring accuracy
and stability in monitoring.

5. Conclusions

A novel multidimensional fuzzy clustering algorithm (MDF-clustering) is proposed
for initializing point target trajectories in complex environments. The algorithm effectively
determines the trajectory’s affiliation degree by extracting the multidimensional features
of the target, integrating the clustering center and weight assignment, and subsequently
updating the clustering center and weights. Experimental results demonstrate that this
method significantly enhances the accuracy and robustness of trajectory initialization when
compared to traditional approaches in environments characterized by high clutter and
target maneuvers. This improvement is evidenced by enhancements in the average number
of stable initialization frames, the rate of correct trajectory initialization, and a minimal
false trajectory occupancy rate. Consequently, the MDF-clustering algorithm elevates
the performance of trajectory initialization, thereby improving the overall efficiency and
reliability of the tracking system. This advancement holds substantial practical significance
for target tracking in complex environments.

While the MDF-clustering algorithm achieves notable improvements, several limita-
tions remain. One key limitation is its sensitivity to the initialization of clustering centers,
which could impact performance in highly dynamic environments with varying clutter
densities. Additionally, although the algorithm integrates an adaptive clustering mecha-
nism, further enhancements may be needed to better handle extreme clutter conditions or
highly dense target environments.

Moreover, when applying the algorithm to larger datasets or real-time systems, there
could be some challenges. In particular, the computational complexity may result in a slight
increase in processing time, leading to occasional delays in real-time applications. However,
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this delay is not expected to be overly significant but may cause minor latency in systems
that require very rapid updates. Similarly, while the memory usage remains efficient for
moderate datasets, processing large-scale multi-dimensional data could result in increased
memory consumption, particularly in environments with limited computational resources.
Though these impacts are not critical, they warrant consideration when deploying the algo-
rithm in real-time, high-demand environments. Future research could explore optimizing
the algorithm to address these challenges and ensure better performance in such scenarios.

For future research, we propose the following directions:

1. Real-time system optimization: While the algorithm shows strong performance in
experimental conditions, further optimization is needed to enhance its efficiency
for real-time applications, particularly in scenarios involving fast-moving, closely
spaced targets.

2. Improving robustness under dense clutter: We plan to explore techniques that further
reduce false alarm rates in environments where the density of noise or clutter is
exceptionally high.

3. Advanced error handling in multi-target scenarios: Extending the algorithm’s capabil-
ity to handle more complex multi-target tracking problems, where targets frequently
cross paths or exhibit highly erratic movement, will be a focus of future work.

4. Integration of KAN for improved trajectory initialization: KAN, which integrates
domain knowledge with data-driven models, has shown great potential in predictive
modeling for complex physical systems, including recent advancements in human–
robot interaction. Building on recent advancements in the KAN method, particularly
its successful application in human–robot interaction [31], we aim to explore its inte-
gration into trajectory initialization tasks. By leveraging KAN’s ability to incorporate
domain knowledge with data-driven models, we expect to further enhance the robust-
ness and accuracy of our algorithm, especially in scenarios with high noise and low
signal conditions, such as infrared weak target tracking.

These areas of future exploration will help broaden the practical applicability of the
MDF-clustering algorithm, ensuring its adaptability and reliability in both military and
civilian scenarios.
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