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This paper proposes an improved sequential method for underwater multiple objects tracks initiation in clutter, estimating the
initial position for the trajectory. The underwater environment is complex and changeable, and the sonar data are not very ideal.
When the detection distance is far, the error of measured data is also great. Besides that, the clutter has a grave effect on the tracks
initiation. So it is hard to initialize a track and estimate the initial position. The new tracks initiation is that when at least six of
ten points meet the requirements, then we determine that there is a new track and the initial states of the parameters are estimated
by the linear least square method. Compared to the conventional tracks initiation methods, our method not only considers the
kinematics information of targets, but also regards the error of the sonar sensors as an important element. Computer simulations
confirm that the performance of our method is very nice.

1. Introduction

Multitarget tracking plays a significant role in many areas of
engineering such as surveillance [1], computer vision [2, 3],
network and computer security [4], and robot [5]. Targets
arise randomly in space and time, persist for a random
length of time, and then cease to exist; the sequence of states
that a target follows during its lifetime is called a track.
The positions, or more generally partial states, of moving
targets are measured, either at random intervals or, more
typically, in periodic scans that measure the positions of all
targets simultaneously. The position measurements are noisy
and there is a heavy background in spurious measurements,
that is, false alarms or clutter. Filtering techniques joined
with data association algorithms have been developed to
sequentially estimate the target tracks using uncertain origin
receiver observations. However, many tracking techniques
require estimation of the targets’ initial states, number of
existing targets, and validation of the estimated tracks, which
are challenging tasks in the presence of clutter and noise.
The principal initial states include the relative position or
absolute position and the relative velocity or absolute velocity.
Track initiation and confirmation has been an active research

area and various methods are published in literature. These
methods can roughly be divided into sequential methods and
batch processing techniques.

Theheuristicmethod and the logic-basedmethod involve
the processing of a sequence of measurements received dur-
ing consecutive sonar scans. The sequence of measurements
represents the input to a time-window containing 𝑁 sonar
scans. When the number of detections contained in the
window reaches a specified value, a successful track initiation
is obtained; otherwise the window ismoved one scan towards
the right, that is, for increasing time. While the heuristic
method uses two simple rules, namely, velocity and accel-
eration constraints, to reduce potential tracks for initiation,
the logic-basedmethod uses prediction and gating to identify
potential tracks in a multiple hypothesis fashion [6]. Logic-
based 𝑀-out-of-𝑁 algorithm is a common and straight-
forward track initiation algorithm which is appropriate for
environmentswith low false alarm rate. Performance analyses
of various 𝑀-out-of-𝑁 algorithms have been reviewed in
[7, 8].

For the batch technique approach, measurements from
the past 𝑁 scans are processed simultaneously to determine
feasible target trajectories. The𝑁 scans of data are treated as
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an image, and the tracks are initiated if some curves (usually
straight lines) are detected. The HT transforms a measure-
ment to a curve in a parameter space, and a straight line in the
𝑥-𝑦 coordinate will generate a set of curves intersecting with
each other at a common point in the parameter space [9]. A
potential track is then determined by detecting the peak in
the parameter space. For targets having curved trajectories,
they will be approximated as a straight line over reasonably
short time intervals. However, the standardHTwhich utilizes
the histogram approach suffers from some shortcomings for
the tracking applications [10]. A modified version of Hough
transform is outlined in [11] and compared with𝑀-out-of-𝑁
and Hough transform algorithms in [12].

The underwater environment is complex and changeable,
sonar data are not very ideal, and the measurement error
is also great. After simulating with the heavy noise data,
we realize that the above four methods cannot initialize
the real trajectory. That is to say, the conventional tracks
initiationmethods are not suitable for the hostile underwater
environments.

This paper takes up the challenge of sequential-based
track initiation in the multiple targets tracking problem on
range and bearing observation.We introduce a novel sequen-
tial methodology for track initiation. The new algorithm
derives from the conventional logic-based track initiation
process in order to deal with the heavy noise measurement.
At last, we demonstrate that the new method can initiate
the trajectory in time through simulation, in the hostile
underwater environment.

The structure of this paper is as follows. Section 2 intro-
duces the hostile underwater environment; Section 3 gives a
brief description of the track initiation techniques of rule-
based, logic-based, and Hough transform method, and we
analyze why the conventional methods cannot deal with the
heavy noise measurement. Then the improved sequential
initiation method is proposed in Section 4. Computer sim-
ulations are also performed in Section 5.

2. Underwater Measurement

The special underwater environment, such as long time
delay, great measurement noise, heavy clutter, and a lot of
unknown interference, may have an important effect on the
tracks initiation. So it is necessary for us to basically learn
about the underwater environment. Then for the special
underwater environment, we will analyze and demonstrate
why the conventional methods cannot deal with the heavy
noise measurements.

2.1. Long Time Delay and Less Data. In the underwater
environment, the sound velocity is much smaller than the
light velocity. Sound velocity is about 1500m/s in the water.
So if the distance between a target and the sonar sensor
is 6000m, the active sensor emits the sound wave, detects
the target, and returns. The time of the whole process is
approximately 8 s. During the detecting process, the target
has at least 4 s to take action to avoid our tracking. That is
to say, if the velocity of the target is 5m/s, then, the estimated
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Figure 1: Distribution of ideal detection.

position will be a deviation of 20m compared to the actual
position.This is already in the ideal situation. In the majority
of situations, the error of estimation is much bigger.

Long time delay means the available data are relatively
less. In the above case, the sampling period is 12 s. In more
detail, only five data can be used for us to initialize a new
trajectory in a minute. In more conditions, in order to detect
much farther targets, the sampling period is a few seconds.
So it is different from the video information and optical
information; data in the underwater environment is very few.

2.2. Strong Noise. The performance of the sonar also affects
the result of measurements. Sound travels much slower than
the electromagnetic wave; so we cannot get enough accurate
data with high frequency of detection. In the underwater
environment, the farther the distance between the sonar and
the target is, the longer the detection delay is and the worse
the measurement accuracy is. It is necessary to note the
detection performance of the sonar. Its standard deviation
of detection distance error is 1∼5% of the true distance
and its standard deviation of detection angle error is 1∼3
degrees. So we can analyze that if the target speed is 5m/s,
the distance between targets and sonar is 6000m, and the
sampling period is 12 s; then the standard deviation of the
measurement distance is 90m and the standard deviation
of the angle error after converting is 104m. As is shown in
the graph, Figure 1 shows ideal detection points, and Figure 2
shows artificial simulation pointswhen the detection distance
is 6000m.

At last, what is the meaning of large noise or great error?
How can we describe them by mathematical methods? Then
the formula can be expressed as

𝜎 measurement
𝑉 ⋅ 𝑇

≥ 1, (1)

where 𝜎 measurement means the standard deviation of
measurement, 𝑉 is the velocity of the target, and 𝑇 is the
sampling period.

As mentioned before, if the sample time is 12 s, then 90/(5
× 12) > 1 or 104/(5 × 12) > 1. It means that the measurement
noise is large.

2.3. Clutter. In the underwater environment, certainly, there
is a lot of clutter; so we have to consider the influence of the
clutter. The presence of clutter deteriorates track initiation,
reduces our initial accuracy, and even leads to failure of track
starting.

3. Traditional Algorithm Description

3.1. The Heuristic Rule Method. Suppose that r
𝑖
, 𝑖 = 1, 2, . . . ,

𝑁, are positionmeasurements from𝑁 consecutive scans.The
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Figure 2: Artificial simulation distribution of sonar detection.

heuristic method initiates a track if any 𝑀 measurements
from these𝑁 scans satisfy the following requirements [12].

(1) The measured or estimated velocity is greater than a
minimum value, Vmin, and smaller than a maximum
value, Vmax.

(2) The measured or estimated acceleration is smaller
than a maximum value, 𝑎max.

If there is more than one return, the one with the
minimum acceleration is used to form the new track.

Mathematically, the two rules can be expressed as

Vmin ⋅ 𝑇 ≤
r𝑖 − r

𝑖−1

 ≤ Vmax ⋅ 𝑇,

(r𝑖+1 − r
𝑖
) − (r
𝑖
− r
𝑖−1

)
 ≤ 𝑎max ⋅ 𝑇

2
.

(2)

To reduce the possibility of forming false tracks, an optional,
angle-limiting rule can be implemented in this heuristic track
initiator as well. Let 𝜙 denote the angle between the vectors
r
𝑖+1

− r
𝑖
and r
𝑖
− r
𝑖−1

. Consider

𝛼 = cos−1 [
(r
𝑖+1

− r
𝑖
) ⋅ (r
𝑖
− r
𝑖−1

)

(r𝑖+1 − r
𝑖
)


(r𝑖 − r
𝑖−1

)


] . (3)

Then, the angle-limiting requirement can be expressed
simply as

|𝛼| ≤ 𝜙, (4)

where 𝜙 is the angle limitation for assumption of the straight
motion target.

In the case that measurement data are ideal, the heuristic
rule method is a good initiation method. But as shown in
Figure 2, the measurement data look like a haphazard distri-
bution. So after analyzing and demonstrating, we conclude
that the heuristic rule method is not suitable to apply to
the special underwater environment. Firstly, it is difficult to
determine the appropriate value of Vmin, Vmax, and 𝑎max. Since
the measurement data change a lot from time to time, we
can set Vmin as 0m/s, but we hardly know the value of Vmax.
If Vmax is too big, then there is a lot of clutter included in
the threshold, resulting in tracks initiation failure, and if it
is too small, then the threshold cannot include the actual
measurements. And it ismore difficult for us to determine the

right value of 𝑎max. At last, the angle-limiting is not suitable
for the strong noise measurements.

So we conclude that the heuristic rule method cannot
initialize a trajectory in the underwater environment with
sonar sensor.

3.2. The Logic-Based (LB) Method. Let 𝑧
𝑘

𝑖
(𝑡) be the 𝑘th

component of measurement 𝑖 at time 𝑡. The 𝑘th component
of the distance vector d

𝑖𝑗
(𝑡) between the measurements z

𝑖
(𝑡)

and z
𝑗
(𝑡 + 1) is then defined as

𝑑
𝑘

𝑖𝑗
(𝑡) = max [0, 𝑧𝑘

𝑗
(𝑡 + 1) − 𝑧

𝑘

𝑖
(𝑡) − V𝑘max𝑡𝑠]

+max [0, −𝑧𝑘
𝑗
(𝑡 + 1) + 𝑧

𝑘

𝑖
(𝑡) + V𝑘min𝑡𝑠] ,

(5)

where 𝑡
𝑠
is the time interval between the two scans. Assuming

that the measurement errors are independent, normal, and
zero-mean with covariance 𝑅

𝑖
(𝑡), the square normalised

distance is then defined as

𝐷
𝑖𝑗 (𝑡) = d𝑇

𝑖𝑗
(𝑡) [𝑅𝑖 (𝑡) + 𝑅

𝑗 (𝑡 + 1)]
−1

d
𝑖𝑗 (𝑡) . (6)

To associate the twomeasurements, 𝑧
𝑖
(𝑡) and 𝑧

𝑗
(𝑡+1),𝐷

𝑖𝑗
(𝑡) is

used as a test statistic which is compared to a predetermined
threshold 𝛾 based on a chi-squared distribution for a given
degree of freedom. The searching procedure is carried out in
the following fashion [12].

(i) Starting with a measurement (detection) from the
first scan, an acceptance region which is always
determined by (1) is set up for the second scan. For
every measurement from the second scan falling into
this region, a potential track is established.

(ii) For every potential track, consisting of two mea-
surements, a straight-line extrapolation (first-order
polynomial) is used to the third sampling time. The
size of the acceptance region for measurements from
the third scan is determined by using the prediction
error covariance. The return from the third scan that
is closest to the prediction is used to extend the
potential track.

(iii) For every potential track, consisting of three or
more returns, a second-order polynomial is used for
prediction into the next scan. Again, the return closest
to the prediction updates the potential track.

(iv) The procedure in (iii) is continued for a number of
scans. The least squares method is used to estimate
the residual (in order to determine the validating gate
size). During the process, if no return is found in the
acceptance region of a potential track, the track is
terminated. Returns uncorrelated to any one of the
tracks in each scan are used for starting new potential
tracks as described in (i).

Under large measurement error or strong noise envi-
ronment, it is not desirable to determine a trajectory only
with two points and linearly predict the third point. Figure 2
appears to be haphazard distribution with less data. It is
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not easy to determine the covariance matrix in formula (6).
𝑅
𝑖
(𝑡) reflects the performance of the sensor, and we can get

distance and angle information through sonar sensor. The
raw sonar data are points with errors under polar coordinate;
then we should transform those raw sonar data to points
under rectangular coordinate. Because of this transformation
process, the value of 𝑅

𝑖
(𝑡) changes, resulting in determining

the true value difficultly. Even though there are a lot of papers
that introduce how to solve the 𝑅

𝑖
(𝑡) in terms of approxi-

mation, we cannot get satisfactory approximate 𝑅
𝑖
(𝑡) in the

underwater environment. After analyzing and simulating,
we also conclude that the logic-based method cannot be
applied directly to the underwater environment with large
measurement errors. Our method is to modify the logic-
based method in order to adapt it to the special underwater
environment.

3.3. Hough Transform Method. There are a lot of advantages
of Hough transform method to initialize trajectories. It
has the stability and robustness for the slight measurement
noise, and the accuracy is relatively high. But as mentioned
earlier, in the underwater strong noise and heavy clutter
environment, available data of sonar are relatively less with
long delay. And we need to initialize a trajectory within
two minutes. The simulation demonstrates that, by HT track
initiation method, if the plan grid is set at a smaller number,
it can form a track, but the path accuracy error is large, and
if the number of the plan grid is set relatively large, it cannot
form a trajectory. Because HT tracks initiation method is a
batch method, so there are some disadvantages such as real-
time performance, calculating capacity, and large memory
requirement.The detection accuracy is influenced by discrete
interval parameter constraints; HT method only determines
if there is a line but cannot provide us with more information
such as amuchmore complete description of the line, the rel-
atively accurate endpoint position, and the length of the line.

4. The Improved Sequential Method

The proposed modified sequential initiation is introduced in
this section. It is based on the logic-based method to deal
with the specific underwater environment, and we estimate
the initial states of targets with the least square method.

4.1. The Modified Logic-Based Method. In less than or equal
to 10 successive sampling points, if there are 6 or more than 6
points which satisfy the threshold, it is considered that a track
exists. This is the rule of the modified logic-based method.
And if there are less than 6 in 10 points, then we are sure that
no track exists.

Firstly, we will show several figures to illustrate the rules.
In Figures 3 and 4, it shows the existence of a track. And in
Figure 5, it shows nonexistence of a track.

Figures 3, 4, and 5 show track initiation process, and the
corresponding formula of precise mathematical description
is denoted as follows:

r𝑖+𝑘 − r
𝑖

 ≤ Vmax ⋅ 𝑘 ⋅ 𝑇 + 2𝜎, 𝑘 = 1, 2, 3, 4, 5, (7)
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Figure 3: In the points sequence, 6 of 7 consecutive points satisfy
the threshold (points 1, 2, 3, 4, 6, and 7 satisfy the threshold, and
point 5 does not satisfy the threshold); then there is a track.

where r
𝑖+𝑘

are the points of strong noise measurement at the
(𝑖 + 𝑘)th scan, r

𝑖
are the measurement data at the 𝑖th scan,

𝑘 is the number of scans during the period from last scan to
current scan that satisfies (7),𝑇 is the time interval of the scan,
and 𝜎 is the 1 standard error of measurement distance of the
sonar sensor.

Formula (7) describes the core of the modified logic-
based method. In the underwater environment, we cannot
ensure that we get the echo information of the target at every
period and all the echo fall into the thresholds. So we use
a variable 𝑘 to record the number of the scans during the
period between two adjacent scans that meet the threshold
requirement defined in (7). For example,𝑇 is set to 12 s (in our
simulation environment, the time interval of the scan is 12 s)
and the maximum speed is assumed to be 10m/s. As shown
in Figure 3, point 5 does not satisfy the threshold of point 4,
but point 6 satisfies the threshold of point 4; then 𝑘 = 2, when
𝑖 = 4. And as shown in Figure 4, points 4 and 5 neither satisfy
the threshold of point 3, but point 6 satisfies the threshold of
point 3; then 𝑘 = 3, when 𝑖 = 3.This record builds an adaptive
threshold that can zoom in and out to adapt to strong noise
measurement environment, especially when the maximum
speed and the sampling period are relatively large.

As an example to further illustrate that, in the underwater
environment, 𝑇 is set to 12 s, and the maximum speed
is assumed to be 10m/s; then a target runs up to 120m
during the sampling period. One standard deviation sensor
error is 1.5% of the actual distance. Then when the target
distance is 6000m, 1 standard deviation of measurement
is approximately 90m. Therefore, for the measurements
with strong background noise, we need to consider two
factors, kinematic factors of targets and sensors which we
use, especially when the target distance is far; that is to
say, Vmax ⋅ 𝑘 ⋅ 𝑇 reflects the factors of kinematics, and 2𝜎

reflects the strong noise measurement factors. In general, in
the underwater environment, multitarget tracks initiation is
in far distance.

4.2. Least Squares Estimation of the Initial State. In multitar-
get tracking, after qualitatively determining the presence of
a track, we also need to quantitatively determine the initial
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Figure 4: In the points sequence, 6 of 10 consecutive points satisfy
the threshold (points 1, 2, 3, 6, 8, and 10 satisfy the threshold, and
points 4, 5, 7, and 9 do not satisfy the threshold); then there is a track.
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Figure 5: In the points sequence, only 5 of 10 consecutive points
satisfy the threshold (points 1, 3, 6, 8, and 10 satisfy the threshold,
and points 2, 4, 5, 7, and 9 do not satisfy the threshold); then there is
no track.

state of this trajectory. In order to maintain high accuracy
and stability during the trajectory tracking, there are many
important factors to consider, including the initial state. If
the initial state estimated is more accurate, subsequently the
trajectory can be more quick to be in a stable state of high
precision tracking, and if the estimation of initial state is
inaccurate (position estimation error is large, or the speed
estimation error is large), it will directly lead to losing the
track. Therefore, initializing the state is also important for
the multitarget tracking. For the traditional track initiation
methods, such as the heuristicmethod, the logicalmethod, or
HT transformmethod, it is not necessary for us to give much
attention to tracking initialization. If we candetermine a track
with the three methods, then the data are accurate enough
to initialize a track with a simple and effective method. We
can take the last point as the position of a target, accurately
calculate the speed with the adjacent two points, and evaluate
the acceleration with three points. Under the background of
heavy noise, we need a new method which can deal with
the large noise measurements.Three methods are considered
to initialize a track: Kalman filter, linear fitting, and LSE.
Theoretically, the Kalman filter estimation is the optimal
method, but we only have a small number of data (six groups
of data). It is hard to determine the initial state for the Kalman
filter, and it cannot converge to the required accuracy with
the limits of the small number of data. The linear fitting
sometimes performs well, but it cannot work well with high
probability of the heavy noise measurements.

After analyzing and simulating, we use the least squares
method to estimate the initial state. We assume that 𝑋 is
needed to be estimated, and its dimension is 𝑛. In general,
we cannot get the real value of 𝑋 directly, but we can
get the measurement information of linear combination of
components of the vector𝑋. Then𝑍

𝑖
is the 𝑖th measurement;

we have

𝑍
𝑖
= 𝐻
𝑖
𝑋 + 𝑉

𝑖
, (8)

where 𝑍
𝑖
is the 𝑚

𝑖
dimension vector, 𝐻

𝑖
is the measurement

matrix, and 𝑉
𝑖
is noise matrix. If there are 𝑟 measurements,

then
𝑍
1
= 𝐻
1
𝑋 + 𝑉

1

𝑍
2
= 𝐻
2
𝑋 + 𝑉

2

.

.

.

𝑍
𝑟
= 𝐻
𝑟
𝑋 + 𝑉

𝑟
.

(9)

Then we get the measurement formula:

𝑍 = 𝐻𝑋 + 𝑉, (10)

where 𝑍 and 𝑉 are vector whose dimension is 𝑚 = ∑
𝑟

𝑖=1
𝑚
𝑖
,

and𝐻 is𝑚 × 𝑛matrix.
If the rank of 𝐻 is 𝑛, then 𝐻

𝑇
𝐻 is a positive definite

matrix, and 𝑚 = ∑
𝑟

𝑖=1
𝑚
𝑖
> 𝑛. So we estimate 𝑋 by the least

squares method:

𝑋 = (𝐻
𝑇
𝐻)
−1

𝐻
𝑇
𝑍. (11)

4.3. Program Flow Chart. The flow chart of the modified
logic-based method is shown in Figure 6.

Algorithm Description

Step 1. Are there new sonar data? Yes, go to Step 2. No, stop
this tracks initiation progress and wait for the next new sonar
data.

Step 2. Is there a potential trajectory? Yes, go to Step 3;
otherwise skip to Step 5.

Step 3. The sonar points match the potential trajectories;
remove the successfully matching sonar points and update
the potential trajectories; then skip Step 4.

Step 4. Are there remaining sonar data? Yes, go to Step 5;
otherwise skip to Step 6.

Step 5. Create new potential trajectories with remaining
sonar data; go to Step 6.

Step 6. Delete the false potential trajectories.

Step 7. Are there sure trajectories? Yes, upgrade the potential
trajectories to sure trajectories.

Step 8. The progress of tracks initiation finishes, and wait for
the next new sonar data.
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Figure 6: The flow chart of tracks initiation (the progress of
upgrading potential trajectory to sure trajectory includes the tracks
initialization).

5. Simulation and Performance Analysis

In this section, numerical simulations are conducted to verify
the performance of the proposed algorithm. Consider a
scenario of tracking multiple targets with an active sensor.
Both the sensor and targets are assumed to be moving with
constant velocities in the same plane, as shown in Figure 7.

Then, some important parameters are displayed below.
Sonar outputs: distance and angle of the targets.
Sampling period: 8 s.
Space of simulation: a circular area of radius 10000m.
Distance measurement error: Gaussian distribution; 1

standard deviation is 1.5% of the actual measure distance.
Angle measurement error: Gaussian distribution; 1 stan-

dard deviation is 1 degree.
Real targets simulation: there are six targets, and the

six targets make uniform linear motion, whose speed is
5m/s; their initial position is 6000m from the center to the
distribution of a regular hexagon.

Detection platform: the speed is 4m/s, and it moves run
along the square, whose side is 400m.

Clutter: the number of clutter is 30, and the position of
the clutter obeys random distribution. The max distance of
clutter is the maximum detection range.

As Figures 8, 9, 10, and 11 show, there is no delay, and we
get the data from400 simulations that each runs twominutes.
Figure 8 shows the simulation statistical results.

Target 1

Target 5

Target 4 

Target 6

Detection platform, 4 m/s

60
∘

5m/s

Side: 400m

Figure 7: Schematic diagram of platform and targets.
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Figure 8: The probability of the number of successful initial
trajectories.

From Figure 8, the modified logic-based tracks initiation
method is efficient. Four or more than four of six trajectories
were successfully initialized with the probability equal to
1. This is a very optimistic result for the underwater envi-
ronment. And the probability that all the trajectories are
initialized is 0.52.

Consider the process of tracks initiation; not all trajec-
tories simultaneously are formed. Figure 9 shows the time
sequence at which trajectories are formed.The time is derived
from the statistical simulation results. From Figure 9, 1.1
trajectories are formed at 72 s, 3.4 trajectories are formed at
84 s, 5.3 trajectories are formed at 96 s, 5.8 trajectories are
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Figure 10: The length of error between real velocity and estimated
velocity.

formed at 108 s, and all the trajectories are formed at 120 s.
Then most of the trajectories are formed between 72 s and
96 s. More specifically, when the 7th, 8th, and 9th data are
received, it is easier to form trajectories with high probability.

After determining the presence of a trajectory, we also
need to estimate the initial state of the sure trajectory by the
least squares method. There are six targets, and simulation
time is two minutes. The number of simulations is 400. Then
we get the statistical result. The result is shown in Figures 10
and 11. From Figures 10 and 11, the error is small relatively,
which satisfies the requirement of accuracy for subsequently
stable tracking. For the same set of data, we initialized a track
with the other three estimating methods and compared the
errors, as shown inTable 1. FromTable 1, we can conclude that
the effect of LSE is better than linear fitting and KF.

From Figures 8, 9, 10, and 11 and Table 1, the modified
logic-based method meets the requirements of multiple
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Figure 11: The angle error between real velocity and estimated
velocity.

Table 1: The error analysis of the results of three initial methods.

Error of position Error of speed Error of angle
LSE 82.3m 0.46m/s 8.6∘

Linear fitting 114.5m 4.2m/s 13.2∘

KF 210.6m 8.5m/s 12.7∘

targets tracking; that is to say, the estimated state meets the
requirements of successively stable track.

6. Discussion

In this paper, we have proposed a novel tracks initiation
algorithm to automatically initialize and maintain unknown
number of tracks in the underwater environments, especially
with the strong noise measurement.The new tracks initiation
is that when at least 6 of 10 pointsmeet the requirements, then
we determine that there is a new track and the initial states
of the parameters were estimated by the linear least square
method. Compared to the conventional tracks initiation
methods, our method not only considers the kinematics
information of targets, but also regards the error of the sonar
sensors as an important element. Computer simulations
show that the proposed algorithm is valid in the complex
environment of strong noise and clutter.
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