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Abstract: In the heavy clutter environment, the information capacity is large,
the relationships among information are complicated, and track initiation
often has a high false alarm rate or missing alarm rate. Obviously, it is a
difficult task to get a high-quality track initiation in the limited measurement
cycles. This paper studies the multi-target track initiation in heavy clutter.
At first, a relaxed logic-based clutter filter algorithm is presented. In the
algorithm, the raw measurement is filtered by using the relaxed logic method.
We not only design a kind of incremental and adaptive filtering gate, but also
add the angle extrapolation based on polynomial extrapolation. The algo-
rithm eliminates most of the clutter and obtains the environment with high
detection rate and less clutter. Then, we propose a fuzzy sequential Hough
transform-based track initiation algorithm. The algorithm establishes a new
meshing rule according to system noise to balance the relationship between the
grid granularity and the track initiation quality. And a flexible superposition
matrix based on fuzzy clustering is constructed, which avoids the transfor-
mation error caused by 0-1 voting method in traditional Hough transform.
In addition, the algorithm allows the superposition matrixes of nonadjacent
cycles to be associated to overcome the shortcoming that the track can’t be
initiated in time when the measurements appear in an intermittent way. And
a slope verification method is introduced to detect formation-intensive serial
tracks. Last, the sliding window method is employed to feedback the track
initiation results timely and confirm the track. Simulation results verify that
the proposed algorithms can initiate the tracks accurately in heavy clutter.

Keywords: Track initiation; heavy clutter; multi-target; Hough transform

1 Introduction

In the early stage of target tracking, the measurement cycles of the detection system are limited.
Track initiation is to select the stable and reliable tracks from the limited measurement cycles. As the
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first step in target tracking [1], the quality of track initiation (T) affects all subsequent stages of target
tracking.

Due to the importance of track initiation and its broad application in military and civil fields [2],
it has been highly concerned by scholars and engineering experts. A lot of significant works on the
track initiation problem have been done. In particular, many researches were focused on the problem
in challenging scenarios, such as the harsh underwater target tracking environment [3], multiple
maneuvering targets hidden in the Doppler blind zone [4], dense clutter environment [5-7], a very
noisy background [8] and so on.

At the same time, scholars have put forward a variety of solutions to the track initiation problem
under different conditions, for instance, narrowband target tracking situation [9], a low observable
target with multipath measurements [10], closely spaced objects in the presence of clutter [1 1], the new
target appearing in the detected area Luo et al. [12]. These conditions are much closer to the real world,
and the track initiation problem under these conditions becomes more complex.

In addition, over the last few years, scholars have studied track initiation problem from different
perspectives. The following is a summary of the typical recent works. Liu et al. [13] present a novel
method based on the random forest to address the problem of track initiation in the air-traffic-control
radar system. Lee et al. [14] introduce a track initiation algorithm based on the weighted score for
TWS radar tracking. Jiang et al. [15] improve the Bayesian group track initiation algorithm based on
algebraic graph theory. Baek et al. [16] develop a computationally efficient track initiation method for
multi-static multi-frequency passive coherent localization systems, where bistatic measurements from
different illuminators are incorporated at a receiver to find the most probable track initiation points.
Wilthil et al. [17] derive a Bayesian SPRT for track initiation based on Reid’s multiple hypothesis
tracker. Liu et al. [18] apply the rule-based track initiation technique to the Gaussian mixture PHD
filter, and propose the Gaussian mixture PHD filter with track initiation. Hunde et al. [19] discuss a
multi-target tracking system that addresses target initiation and termination processes with automatic
track management feature. Vaughan et al. [20] conduct a statistical analysis that yields an accurate
approximation of the false-track and track detection probabilities as a function of the threshold
on the track-initiation statistic. Han et al. [21] propose a novel track initiation algorithm based on
agglomerated hierarchical clustering and association coefficients. These works all contribute to the
research of the track initiation problem.

In the heavy clutter and multi-target environment [22], the information capacity is large, the
relationships among information are complicated [23,24], the number of the detected targets is
unknown [25], and track initiation often has a high false alarm rate or missing alarm rate. Obviously,
it is still a difficult task to get a high-quality track initiation in the limited measurement cycles [26-28].
Therefore, multi-target track initiation in heavy clutter is a challenging and significant task [29,30].

The paper researches key problems of track initiation in heavy clutter, and gives the corresponding
solutions. There are two aspects as follows. At first, we present a relaxed logic-based clutter filter
algorithm (RLCF), which is to eliminate most of the clutter and to obtain the environment with
high detection rate and less clutter. In the following, a fuzzy sequential Hough transform-based track
initiation algorithm (FSHTTTI) is proposed, which has higher accuracy and stronger suppression ability
of false track. Simulation results verify that the proposed algorithms can initiate the tracks accurately
and solve the following key problems effectively: clutter filter and track initiation in the heavy clutter
and multi-target environment.
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2 A Relaxed Logic-based Clutter Filter Algorithm
2.1 Design of Adaptive Gate

The size and number of wave gates are positively correlated with the success rate of track initiation.
With the gradual increase of detection cycle, under the condition of the same number and size of wave
gates, the probability of real point traces of the targets falling into wave gates gradually decreases. And
considering the intermittent flicker of the measurements, the paper designs the adaptive wave gate.

Let the state of the detected target in cycle k r;(k) be [hx (k),v.(k),h,(k), vJ,.(k)]T, where, 5, (k)
and A, (k) represent the position of the target in the x-axis and y-axis respectively, and v, (k) and v, (k)
represent the velocity of the target in the x-axis and y-axis respectively.

The measurement at the root lacks prior knowledge and cannot judge its motion information. The
annular gate should be established according to the maximum and minimum velocity of the target. The
inner diameter R1 and outer diameter R2 of the gate should meet the following requirements:

Rl =v,, T —w (N

R2=v,, T+w (2

where, v,,, and v,,,. are the minimum velocity and the maximum velocity of the target respectively. T
is the time length of detection, and w is the root mean square of the system noise.

When a measurement has formed a temporary track, its measurement sequence is defined as R, =
{r; (0),r; (1),r;(2)...}. (The track participating in the track confirmation screening is called candidate
track. However, the logic method which is used for clutter filtering doesn’t include the process of
track confirmation, so the track formed by this process is called temporary track). The gate form is
determined by the measurement state. When the maneuverability of the target is weak, the sector ring
gate is used.

Let v, be the turning angular velocity of the detected target. |ef] is the fan ring radius as shown in
(3):

lef 1 = Viar = Vi) T + M +w 3)
a=vT “4)
in which, the restrictions are as follows:

lef | < mo (k) ()
a < noy(k) (6)

where, m and n are the coefficient, which can be set by the query table with x? distribution. o,(k) and
o, (k) are the standard deviation of radial distance and observation angle.

When the target maneuvering is enhanced, the real trace points of the targets are easy to fall out
of the sector ring gate. At this time, the adaptive sector ring gate will reduce the detection probability
of the real trace points and should be expanded. Because the detection system is far away from the
targets and the tracks are approximately the straight line, the acceleration changes more sharply than
the observation angle when the target maneuvers. Therefore, the expanded gate is closer to the ellipse.

The major axis of the ellipse is on the same line as the temporary track, whose length is:
a = 2 (Vmax - Vmin) T + (amax - amin) T2 + 2W (7)
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The length of the minor axis is:

3 ) or
b — [(vmin + Vmax) T + 5 (amax + amin) T j| tan (@) + 2W (8)
rk) = [r.(k),r,(k)]" represents the description of the ith measurement in the rectangular

coordinate system in cycle k. The innovation is:

Hk+D:r%+D—?®+HM:[2&11{3&21”3] )
where, 7 (k + 1]k) is extrapolation measurement. The innovation variance is:
Stk+1)=H(k+1)Pk+1k) H (k+ 1) +w (k) (10)
where, P(k + 1|k) is one-step prediction of covariance. If r;(k) satisfies:

Ve W) =Tk +D"STk+DI(k+1) <y (11)

then it is considered that the measurement falls into the elliptical gate region. And the parameter y
can be obtained by querying the distribution table with 2.

(Vmax + vmin) T + (amu.x + amin) TZ

b| = 12
|ab| 5 7 (12)
4 am:/,\‘ + amin T2
|ac| = (Vmax + Vmin) T + ( 4 ) (13)
3 vmax + Vmin T 9 amax + amin TZ
lad| = ( ) + ( ) (14)
2 4
The distance from o to the extrapolation point in cycle k can be obtained:
k - 1 max min T k - 1 : max ‘min T2
d:( ) Vax + Vinin) +( )" (A + i) (15)
2 4
When the target moves at a constant speed, the acceleration is 0, then:
d = (k—1)|abl (16)

The radius of fan ring is constrained by Eqs. (1) and (2), and the length of ellipse axis is constrained
by Egs. (7) and (8), which increases adaptively as Eqs. (16). After extrapolation, if no measurements
are detected in the corresponding adaptive gate, it is concluded that there is flicker discontinuity at
this cycle. To improve the detection rate of trace points, this algorithm allows the temporary tracks
with flicker discontinuity to participate in the extrapolation expansion of the next cycle. If there is
no continuous flicker discontinuity, only the cycle with flicker discontinuity needs to be recorded.
Otherwise, the temporary tracks will be cancelled.

2.2 Improvement of Extrapolation Extension

The way of extrapolation expansion affects the storage space and accuracy of the initiation
algorithm. The logic extrapolation expansion generally adopts polynomial extrapolation in the form
of straight line. However, considering the maneuverability of the targets, the large distance between
the extrapolation points and the real trace points, and the angle deviation, the candidate tracks are
extended by modifying the observation angles of the extrapolation points.
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Let 6; (k) is the observation angle of the ith extrapolated track in cycle k. Then before cycle k, all
observation angles of the extrapolated tracks are:

6 =1{6,(0),6,(1),6,(2),....6 (k)} (17

If the target is moving in a straight line, there is:
6:(0)=06,(1)=6,2)=...=6(k) (18)

Due to the influence of target mancuverability and system noise, the measurements of detection
system are often in non-linear form. So, the initial accuracy is low, if (17) is used as the extrapolation
standard. According to the state equation, let:

6, (k+1) =ab; (k) + Bw (k) (19)
where, o and 8 are the coefficient. w(k) is a Gaussian distribution with independent zero mean.

Let 8, (k) is the observation angle of the extrapolation point of the ith candidate track in cycle k.
i (k) 1s the difference between the observation angle of cycle k and cycle k—1, then:

Oy (k) = 0, (k) — 0, (k — 1) =ab, (k= 1)+ Bw((k —1) +6,(k— 1) (20)
The extrapolation method with the observation angle as the influencing factor is expressed as

follows:

0; (k + 11k) = 6, (k) + Oy (K) 21
Let r,(0) € R(0), the initial association region of ; (0) is €2, and r; (1) € R(1) N Q,, then r; (1) is

initial association measurement of r; (0). If the subsequent association region of r; (0) is €,, then 7; (k)
is the central extrapolation point of €2,.

According to the nearest neighborhood:

o = {x & R0 Nl (klk — 1).0 = min_ 1 (klk — 1) ,y>} )
yeR()Ny,

in which:

[(x,y) =max[0,x — y — v,of] + max [0,y — x + v,,.,1] (23)

Then, r; (k) € €, is called the kth association measurement of r; (0), all the possibilities are
expressed as:

{Vi(o)ari(l)ari(z)EQZ’---VI‘(N_I)EQ’N,J (24)
The association measurement sequence of 7, (0) is called the candidate track which takes r; (0) as

the root. Only the measurements nearest to the predicted trace points shall be extrapolated next time.
According to the split expansion:

Q ={xe Rk N (25)
All the measurements with r; (k) € . are associated with the trace points of r, (0). To split

association, we expand all measurements and extrapolate next time. And it needs a lot of storage
space and computation.

To ensure that the extrapolation points are closer to all real trace points and do not need too
much storage space and computation, we add observation angle extrapolation based on polynomial
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extrapolation, which not only avoids the imprecision of single measurement point extrapolation in
the nearest neighborhood, but also evades the massive storage space and computation of splitting
expansion [31].

In addition, in the process of clutter filtering, the position and time sequence information of all
roots that have not been eliminated are retained. And each root and all the measurements belonging
to the root subsequent extrapolated extended gate are saved according to the time sequence. All the
possibilities are denoted as:

rk) g (k+ D) rak+ 1D, ) fra (k+2),ra(k+2),...} ... e Q},
D) A d+ D0+, A+, (042, ..

J

(26)

in which, the first measurement of each subsequence represents the root of the temporary track, and
the subsequent measurements indicate all the measurements of the subsequent extrapolated extended
gate of the root.

3 Fuzzy Sequential Hough Transform-based Track Initiation Algorithm

Taking a single cycle as an example, we only need to convert the measurement sequences that fall
into the gate shown as (26), assuming that these sequences are (r, (k) ,r, (k) ,7r; (k) ...), where r; (k) =
(x;, ;) 1s the coordinates in rectangular coordinate system. In order to make the polar coordinate
system after mapping completely represent the measurement sequence, we define the range of the
abscissa 0 and the ordinate p in the polar coordinate system are:

6 €]0,7]
p €0, /[x2. +)2

max max]

27)

where, x,,.. and y,... represent the maximum distance that the detection system can accept in the x axis
direction and y axis direction respectively.

To transform the curve description in polar coordinate system into operation information, the
polar coordinate system should be gridded. And to ensure that the grid can not only be suitable for the
multi-target initiation environment in dense formation, but also reduce the errors and avoid clustering,
the grid will be divided according to the coordinate errors.

According to (28):
)
8p =/ (8r)* + (r * Sa)’sin (9 — o + arctan (H; a)) (28)
r

the ordinate is divided into ﬁ and the abscissa is divided into Zk;a.
R

system is divided into T X Zkzi&y grids, where &, and k, are the partition coefficient factors determined

by the system noise. After meshing, the measured data in the gate are transformed by Hough transform
according to (7).

Then, the polar coordinate

Fuzzy Hough transform is divided into two steps:

Step 1. Looking for temporary peaks. Firstly, all the measurements after clutter filtering are
initiated with the modified Hough transform to get the cumulative matrix 4. Obviously, 4 is a matrix
with local clustering and no obvious peaks. To ensure the high detection probability, a lower threshold
T, is set to screen matrix A. The peaks screened by threshold must cluster around the peaks of the real
tracks, and these screened peaks are the temporary peaks.
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Step 2. Establishing fuzzy matrix. If there is no temporary peak in the grid, then the center of the
grid is taken as the center. If there is a temporary peak (p;, 6;) in the grid, then take the temporary peak
as the center and define the grid membership function as:

|:7<(6m*(/—l)2k18p)2>:| [ ((,,m_<k_1>z/c25a)2)}
262 - 2
M(piﬁi) = e Jlﬂ e 2(71'9 (29)

where, (0,,,0,,) 1s the error range of the polar coordinate system, and o,.f; and o, are the variance along
the axis p and the axis 6.

Track initiation via the sequence Hough transform refers to the fuzzy Hough transformation of
the detection measurement according to the detection cycle. Considering the time sequence in the
formation of the target tracks, the peaks cannot be formed by the transformation accumulation of
single detection measurement. Therefore, a cumulative value is selected to represent the cumulative
result under the corresponding index for the cumulative matrix of single detection measurement. The
cumulative value is the membership of (29).

To find and confirm the target tracks in time, the sliding window method is used to set rules to
confirm the tracks during the matrix superposition (See Fig. 1). It is assumed that the corresponding
elements sequence of the superposition matrix is {r;, ¥42, 753 - - - Fjio15 Fius Tiioa - - -}, Which denotes the
cumulative weight corresponding to the superposition matrix under the same coordinate.

Sliding window of n
etections

Tija Tij2 e Tijea e Tijten o TijN-1 TN
_—
* Moving

t+n

Yoo i 2 T, | then record
ij, otherwise the sliding window
slides to the right.

direction

Figure 1: Track confirmation by sliding window method

We set T,/4 logic to achieve the effect of fast track initiation. Under this logic, if >, x> T,
confirm the track, and record the coordinates i, j and the corresponding initiation and end time, so as
to restore the track. If the cumulative value fails to reach the threshold 73, slide the window one step
to the right. Use > ;" Fyx — Fy1 + Fyeenn for the next screening. The track confirmation based on
the sliding window is iterative and can feed back the confirmed tracks in time, which overcomes the
defect of missing alarm caused by improper batch by the traditional batch method. FSHTTI should
be carried out after RLCF, and we call FSHTTI combined with RLCF the relaxed logic-based Hough

transform track initiation algorithm (RLHTTI).

4 Experimental Design and Result Analysis
4.1 Experimental Design

The purposes of the experiment are as follow: Verify the effectiveness of clutter filtering algorithm
based on relaxed logic; Verify the accuracy of the track initiation algorithm based on Fuzzy sequence
Hough transform; Verify the overall quality of Hough transform track initiation based on relaxed
logic.
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The real environment simulation settings are as follows.
Detection range: two-dimensional square area, simulation size of detection area 10° x 10°.
Noise: Gaussian noise is set, the mean value is defined as 0, and the variance is set to 1/5 of

the speed.

Clutter: the clutter position is uniformly distributed in the square detection interval, and the
number of clutter follows Poisson distribution with parameter A. In order to simulate the clutter
environment with different degrees, four different parameters will be set in the experiment: A = 30,
A =60, 1 =120, » = 240. Fig. 2 shows the situation of A = 240.

x10*
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Figure 2: Target sparse formation

Targets: the following experiments are all multi-target environments. Ten targets are set and
divided into two groups, which form the sparse formation and dense formation. The initial position
and initial velocity of the two groups of targets are shown in Tabs. | and 2.

Table 1: Multi-target motion information in sparse formation

Initial position

Initial speed

Targetl

Target 2
Target 3
Target 4
Target 5

(55000,45000)
(35000,45000)
(25000,35000)
(35000,25000)
(55000,25000)

(500,0)
(500,0)
(500,0)
(500,0)
(500,0)

The simulations of real environments are shown in Figs. 2 and 3, which represent the tracks in
sparse formation and dense formation respectively. The detection system detects and obtains the
measurements of seven cycles in turn. The detection cycle is 5 s.
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Table 2: Multi-target motion information in dense formation

Initial position Initial speed
Target6 (55000,38000) (500,0)
Target 7 (35000,38000) (500,0)
Target 8 (25000,35000) (500,0)
Target 9 (35000,32000) (500,0)
Target 10 (55000,32000) (500,0)

The clutter of the seven cycles is represented by different symbols. The ‘x’ represents the clutter of
the first cycle, the ‘(7" denotes the clutter of the second cycle, the ‘4’ represents the clutter of the third
cycle, the °.” indicates the clutter of the fourth cycle, the “*’ represents the clutter of the fifth cycle, ‘¥’
represents the clutter of the sixth cycle, and ‘¢’ indicates the clutter of the seventh cycle. ‘)’ is the real
trace points of the tracks.

Figure 3: Target dense formation

4.2 The Experiment for RLCF

The purpose of the experiments is to verify the effectiveness of RLCF. RLCF is to remove the
clutter as much as possible on the basis of retaining the real trace points. In order to verify the
effectiveness of RLCEF, we set up two groups of experiments and carry out 50 Monte Carlo simulations
for each group of experiments.

The point track detection rate is the ratio of the number of remained real tracks after clutter
filtering to the total number of real tracks, which reflects the fidelity of the method.

>0 Nin
p. o 30
" MC%N, (30)
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where P, is the point trace detection rate, N, is the number of real tracks detected in the ith
experiment, N, is the number of real tracks set in each experiment, M C is the number of Monte-
Carlo experiments.

The clutter elimination rate is the ratio of the number of eliminated clutter after clutter filtering to
the total number of clutter, which reflects the clutter elimination ability of the relaxed logic method.
MC
Pf2 — 1 _ Zl:l if2 (31)
! MC*N(’/uler
where P, is the clutter elimination rate, N, is the number of residual clutter detected in the ith
experiment, N, is the number of clutter set in each experiment.

The trace point detection rates in sparse formation and in dense formation under different clutter
are shown in Fig. 4.

It can be seen from the Fig. 4 that with the increase of the clutter number, the trace point detection
rate gradually decreases. Under the same number of clutter, the trace point detection rate in dense
formation is lower than that in sparse formation. It is not difficult to explain these phenomena. With
the increase of the clutter number, the extrapolation points are more vulnerable to the influence of
clutter, resulting in the gradual increase of the deviation between the extrapolation points and the real
trace points. So the trace point detection rate decreases slightly. When the number of clutter is equal,
the trace points of different tracks in dense formation will affect each other, and they are “clutter” to
each other. Therefore, compared with sparse formation, dense formation has a lower detection rate.
However, due to the design of adaptive gate and the expansion of extrapolation points, the detection
rate can be maintained above 94% regardless of the number of clutter. The clutter elimination rate by
RLCF is shown in Fig. 5.
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Figure 4: The trace point detection rates

Fig. 5 shows the clutter elimination ability of RLCF. It can be seen from Fig. 5 that the clutter
elimination rate in dense formation is greater than that in sparse formation. With the increase of the
number of clutter, the clutter elimination rate also increases slowly, but it is basically stable at about
2/3. Theoretically, the measurements eliminated by clutter filtering are the ones that do not fall into
the wave gates and are impossible to start the new tracks.
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Figure 5: The clutter elimination rates
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Figure 6: Clutter elimination results in sparse formation

The farther the clutter measurements are from the target tracks, the less likely they fall into the
wave gates and the more likely are eliminated. The experimental results also accord with the theory.
The track wave gates coverage in dense formation is less than that in sparse formation. Therefore,
the measurements outside the wave gate in dense formation are more than that in sparse formation.
Therefore, the clutter elimination rate in dense formation is higher than that in sparse formation.
Clutter elimination results are shown in Figs. 6 and 7, we can see that RLCF can remove clutter while
retaining the real trace points.
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Figure 7: Clutter elimination results in dense formation

4.3 The Experiment for RLHTTI

The purpose of the experiment is to verify the performance of the relaxed logic-based Hough
transform track initiation algorithm (RLHTTTI), which is FSHTTI combined with RLCF. An envi-
ronment with high false alarm and weak clutter is obtained by RLCF. The purpose of FSHTTI is to
initiate the tracks accurately in such an environment. In order to more clearly show the performance of
RLHTTI, this paper simulates two classical track initiation algorithms: modified logic track initiation
algorithm (MLTI) and modified Hough transform track initiation algorithm (MHTTI). To evaluate
the effect of RLHTTI, this paper sets up two groups of experiments and carries out 50 Monte Carlo
simulations for each group of experiments.

The success rate of track initiation is the ratio of the number of correct tracks successfully initiated
by the algorithm to the total number of real tracks in the experiment.

MC
Ny

2o N (32)

MC%N,.,

where P/, is the success rate of track initiation. IV, is the number of correct tracks successfully initiated
in the ith experiment. N,,,, is the number of the targets.

Pf3

False track occupancy rate is the ratio of the number of false tracks initiated (in the confirmed
tracks) to the total number of target tracks established in the experiment.

zMC Nl

ZMC N
where P, is false track occupancy rate. N, is the number of false tracks initiated in the ith experiment.
N, is the number of correct tracks successfully initiated in the ith experiment.

(33)

P /’4

Firstly, the results of three track initiation algorithms are shown. When A = 240, the results of
RLHTTI are shown in Figs. § and 9, the results of MLTI are shown in Figs. 10 and 11, and the results
of MHTTI are shown in Figs. 12 and 13. It can be seen from the results that RLHTTI can accurately
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initiate the multi-target tracks in heavy clutter. Compared with MLTI and MHTTI, RLHTTTI is hardly
affected by the formation state.

10 T T T T T T T T T

10 T T T T T T T T T

x10*

Figure 9: TI results of RLHTTI in dense formation

The comparison results of the track initiation success rate and false track occupancy rate acquired
by the three algorithms with 50 Monte Carlo experiments are shown in Figs. 14—17.
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Figure 11: TI results of MLTI in dense formation

It can be seen from Figs. 14—17 that MLTT and MHTTI are greatly affected by the formation state.
However, no matter what the formation state is, the track initiation success rate of RLHTTI is higher
than MLTI and MHTTI, and the false track occupancy rate is much lower than MLTI and MHTTIL.
These achievements are due to the clutter filtering process and the superposition matrix constructed by
fuzzy Hough transform, which effectively eliminates clutter measurements, weakens transformation
error, and greatly improves the accuracy of the algorithm. In addition, because the algorithm modifies
the matrix superposition rule of sequence Hough transform, the algorithm can accurately initiate the
tracks in different formation states. The comparsions of the average initiation time are shown in Tabs. 3
and 4.
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Figure 13: TI results of MHTTI in dense formation

RLHTTI expands the wave gate, reduces the calculation of splitting extrapolation, eliminates
clutter and reduces the number of measurements involved in Hough transform, but RLHTTI has
no advantage over MLTI and MHTTI in the initiation time. Even in the weak clutter, the efficiency of
RLHTTI is lower than that of MLTI and MHTTI. This is because RLHTTI is a serial combination
of relaxed logic and sequential Hough transform, and the construction of fuzzy superposition matrix
requires additional calculation. However, RLHTTTI is less affected by the number of clutter and target
formation states and has better universality and stability. With the same time consumption, RLHTTI
can more effectively suppress false tracks and obtain more accurate track initiation in heavy clutter.
In short, compared with MLTI and MHTTI, RLHTTI has higher performance in track initiation.



4504 CMC, 2022, vol.72, no.3

1.00
—@- RLHTTI
& MUTI
099 -@- MHTTI
a3
g
2 0:98 1
L
o
E
2 0.97 1
(4
5
B
2
£ 0961
o
w
fud
5 0951
o
&
0.94 1
0.93 : i g ; : . . ’
0 3 60 9 120 150 180 210 240

Parameter A

Figure 14: The comparison of the track initiation success rate in sparse formation
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Figure 15: The comparison of the false track occupancy rate in sparse formation
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Figure 16: The comparison of the track initiation success rate in dense formation
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Figure 17: The comparison of the false track occupancy rate in dense formation

Table 3: The comparison of the average initiation time in sparse formation

A =30 A =60 A =120 A =240
RLHTTI 4.31s 4.85s 541s 6.53s
MLTI 1.57s 2.08s 3.13s 4.52s
MHTTI 2.35s 2.59s 4.16s 6.01s

Table 4: The comparison of the average initiation time in dense formation

A =30 A =60 A =120 A =240
RLHTTI 442 s 471 s 5.33s 6.96 s
MLTI 1.79 s 2.54 s 4.13s 6.06s
MHTTI 2.37s 2.66s 4.53s 7.04 s

5 Conclusions

4505

The paper focuses on the key problems of track initiation in the heavy clutter, and gives the
corresponding solutions. The raw measurements are filtered by using the relaxed logic method. And
the tracks are initiated by fuzzy sequential Hough transform. Through comparative experiments, the
accuracy of track initiation and the suppression ability of false tracks of this algorithm are verified.
The algorithm has performed well in the multi-target environment. However, due to the influence of
heavy clutter, the algorithm has the phenomenon of missing alarm. To obtain a higher success rate of
track initiation, reducing the missing alarm of track initiation is our future work.
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