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Abstract—An efficient individual gating method is described
and tested. Compared to other approaches it does not solely
calculate distances between the predicted and the actual mea-
surement but checks for overlapping frames centered around
them. In contrast to covariance ellipses, these frames are created
only by using the main diagonal entries of covariance matrices.
The overlap-check is done by sorting algorithms and binary
search. Only measurements which pass the overlap-check are
further processed by ellipsoid gating. In doing so, not only
the computation time itself but also the complexity can be
reduced compared to classical ellipsoid or rectangular gating.
This Individual-Gating-by-Sorting is integrated into a Multi-
Hypothesis tracker and applied to a multistatic sonar dataset.
Results show outstanding performances. The gain compared to
classical ellipsoid gating in terms of computation even further
increases as the amount of data increases.

I. INTRODUCTION

Gating is an essential step within many tracking algorithms.
This becomes more and more important as nowadays track-
ing systems often have to deal with large sensor networks
rather than with one or few sensors and hence they have to
process more information, contacts/measurements, in particu-
lar. Gating prevents unlikely measurement-track associations
from being processed by the tracking system. This saves
computational resources. Global Nearest Neighbor (GNN),
Joint Integrated Probabilistic Density Association (JIPDA), or
Multi-Hypothesis Tracking (MHT) are examples of tracking
algorithms which have been implemented with gating [1]–[3].

A commonly used gating method is ellipsoid gating: A
measurement y is considered to fall within an ellipsoidal
gate centered around the predicted measurement ŷ if the
Mahalanobis distance (see (3)) is below a certain threshold.
Ellipsoid gating is considered to be precise [4]. On the other
hand, the Mahalanobis distance has to be calculated for each
possible pairing of predicted and actual measurement. As
such it suffers from a O(m · n) complexity, with n being
the number of measurements and m being the number of
predictions. Rectangular gating requires less computational
load but it is also less precise [4]. In addition, its time
complexity is also O(m·n). In [5], a method called Gating-by-
Sorting is presented. It is a two-step approach and uses sorting
algorithms and binary search to conduct a coarse gating before
using ellipsoid gating for fine gating. In doing so, a loglinear
complexityO((n+m) log(n)) can be achieved. As a drawback
it is not an individual gating anymore since it uses fixed gate
sizes to achieve the lower computational load. This results in
various problems which are explained in Section III-C as well
as in [5].

In this paper, Individual-Gating-by-Sorting (IGS) is pre-
sented. The work here can be seen as an extension of Gating-
by-Sorting given in [5] as well as of [6]. In contrast to [6],
not only gating itself but its interaction within a complete
tracking system is investigated. Hence the results can be
better utilized for further applications. IGS is implemented
within an MHT algorithm and applied on simulated multistatic
sonar datasets. These datasets are generated by a multistatic
sonar simulator provided by the University of Connecticut [7].
Results are obtained by Monte Carlo simulations and assessed
regarding tracking performance metrics and computation time.
The performance metrics are given by [8] and widely used in
the literature, e.g., in [9]–[12].

The outline is as follows: Section II explains the MHT
algorithm. The subsequent section depicts known gating meth-
ods as well as their advantages and disadvantages in detail. In
Section IV the idea of IGS as well as its implementation are
described. Simulation results are given in Section V. The last
section provides a conclusion and an outlook.

II. MULTI-HYPOTHESIS TRACKING

A. Concept

MHT is an approach to track targets in cluttered envi-
ronments. The main idea of MHT is to create a hypothesis
tree of target states. Each hypothesis is weighted according to
its probability of representing the actual target state and new
hypotheses are spawned by associating existing hypotheses
with new contacts. The decision whether a contact used for
hypotheses-spawning is target- or clutter-originated can be
postponed until more information (e.g., subsequent contacts) is
processed. Despite missing contacts or cluttered environments,
MHT can calculate target-originated tracks.

Amongst different ways of MHT realization [13] the one
implemented in this paper is based on [14]. Hence the follow-
ing description of MHT refers to the implementation of this
work and it is only one of many ways to implement MHT.
However, the proposed gating method given in Section IV is
not limited to this implementation.

B. Modeling and Filtering

In this work tracking is done in the 2-dimensional Carte-
sian plane and the Nearly Constant Velocity (NCV) model
is used [15]. In order to take measurement noise and the
kinematic model into account, the Kalman filter [16] is used
in the MHT-implementation. If only the target position in
Cartesian coordinates is used as measurement data, a linear
Kalman filter (LKF) can be used.



In general, MHT can be realized with many other filter
methods and kinematic models. E.g., in case of a nonlinear
system, one may consider using the extended [16] or the
unscented Kalman filter [17], or the particle filter [18].

C. Creating and Managing Hypotheses

Since it is not known a priori whether a contact is target-
originated or not, all contacts are considered for association
with existing hypotheses. So (in the simplest case) each

hypothesis state x̂
i
k|k−1 is associated with each contact y

j
k

with i ∈ {1, . . . ,mk−1} and j ∈ {0, . . . , nk}; nk is number
of contacts and mk−1 is the number of hypotheses at time k
and time k − 1, respectively. The preliminary weight of the
resulting hypothesis is
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Note that x̂
i
k|k−1 is the result of the Kalman prediction step,

also known as time update step [16], and ŷ
i
k denotes the

corresponding predicted measurement. S
ij
k is the innovation

covariance, PD the probability of detection, and fc the clutter
density. N denotes the normal distribution. There is a chance
that no contact actually belongs to the targets. This case is
covered by j = 0. In case of multi-sensor measurements,
the measurements are processed simultaneously without prior
fusion.

Final weights are calculated by normalizing preliminary
weights such that

ωij
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ω̂ij
k

mk−1∑

i=1

nk∑

j=0

ω̂ij
k

. (2)

As it can be seen in (1) and (2), the number of hypotheses
increases by a factor of nk + 1 at each time step. In order to
ensure computational feasibility, the number of hypotheses is
reduced using different techniques such as gating, pruning, and
merging [19]. Furthermore, track confirmation and deletion is
covered by Sequential Track Extraction [20].

III. KNOWN GATING METHODS

A. Ellipsoid Gating

A measurement y lies within an ellipsoidal gate if it fulfills
the condition

[y − ŷ]⊤ S−1 [y − ŷ] ≤ G (3)

with ŷ being the predicted measurement and S being the
innovation covariance matrix.

The result of the left-hand side of (3) is called Mahalanobis
distance. It can be seen as the normalized Euclidean distance
between the predicted and the actual measurement, and the
normalization is carried out by the innovation covariance S.
As such, the resulting gate shape and spatial extension is
determined by S and G and, in general, it is an ellipse1.
In this paper the gate size G corresponds to an association

1In case the innovation covariance matrix is an identity matrix the resulting
shape is a circle and the Mahalanobis distance equals the Euclidean distance.

gate probability of 99%. This value is commonly found in the
literature, e.g., [2], [11].

If a measurement does not fall within the gate, the corre-
sponding measurement-hypothesis association is considered to
be too unlikely. Hence further calculations such as measure-
ment update, weight calculation as well as hypothesis merging
and pruning do not need to be carried out. This reduces the
computational load.

The gating procedure comprises different operations: ma-
trix inversion (S → S−1), calculating the difference between
the predicted and the actual measurement and comparing the
distance with G. All these operations need to be carried out for
every possible measurement-hypothesis pairing individually.
Using the so called big O notation O(.) the complexity
of the computation time TPEG for all gating procedures is
characterized by

TPEG ∈ O(m · n) . (4)

Ellipsoid gating is a precise gating method [4] but, as can be
seen in (4) and considering the necessary matrix inversion, it is
also very time consuming. In the following this classical gating
method is denoted as “pure” ellipsoid gating (PEG) since this
method is solely used. In order to reduce the time consumption,
one could use known methods such as rectangular gating or
Gating-by-Sorting. These two approaches are explained along
with their advantages and disadvantages in the next subsection.

B. Rectangular Gating

In rectangular gating, the gating condition is

|yd − ŷd| < Gd, d ∈ {1, . . . , ndim} . (5)

yd and ŷd are elements of the measurement y and the predicted
measurement ŷ, respectively. d denotes the dimension and
ndim is the number of dimensions. Gd is the gate in dimension
d. In [4] it is suggested to use the gate

Gd = gσS,d (6)

with σS,d being the standard deviation of S of dimension d.
g is suggested to be ≥ 3 [4]. As a faster alternative one can
set Gd to be fixed.

As no matrix inversion is required and gating can be done
for each dimension independently, each rectangular gating
procedure can be computed faster and is easier to implement.
As a drawback, it is less precise than PEG. Furthermore, it has
to be mentioned that, though each rectangular gating procedure
takes less time than using PEG, the complexity still remains
O(m · n).

C. Gating-by-Sorting

Gating-by-Sorting (GbS) is a two-step gating method
which conducts a coarse but fast gating step before proceeding
with precise ellipsoid gating. It has been used in [21] and is
further explained in [5].

In principle, the first coarse gating step is similar to rectan-
gular gating, but instead of checking the gating condition given
in (5) for each prediction-measurement pairing individually,
GbS uses efficient sorting algorithms and binary search to
check the condition. This is possible since the coarse gating



step uses fixed gate sizes. Only those measurements which pass
the coarse gate are further gated by ellipsoid gating. In doing
so GbS can achieve low computation times. Moreover, the
complexity can be reduced to O((n+m) log(n)). However, the
usage of fixed-size gates makes GbS a non-individual gating
method since the individual innovation covariance matrix S of
each prediction-measurement pairing is not taken into account
during the first gating step. Thereby, fixed gate sizes may
cause some falsification if the gates are too small and cut the
ellipses, and, if they are too big, the efficiency of this method
is reduced [5].

In the following, a method for individual Gating-by-Sorting
is presented. It resolves the fixed-gate-size issue, thus achiev-
ing the precision of PEG, while keeping the complexity at
O((n+m) log(n)).

IV. INDIVIDUAL-GATING-BY-SORTING (IGS)

A. Basic Idea

Individual ellipsoid gating is based on the Mahalanobis
distance. PEG checks if the Mahalanobis distance between the
predicted and the actual measurement is less than a certain
bound. This is equivalent to checking if the measurement falls
within the ellipse2 which is centered around the predicted
measurement. Considering a frame whose sides3 are parallel
to the coordinates and tangential to the ellipse, it is clear that
being inside the frame is a necessary condition for being inside
the ellipse. This is shown in Fig. 1.

The frame size or the lengths of the sides are determined
by the variances {σ2

S,1, σ
2
S,2, ..., σ

2
S,ndim−1, σ

2
S,ndim

} of S, i.e.,
its main diagonal entries:

S =






σ2
S,1 · · ·
...

. . .
...

· · · σ2
S,ndim




 (7)

and by the Gate G or its square root
√
G, respectively [6] (see

Fig. 1). In order for a measurement to be within the frame,
the requirement

∆d <
√
G · σS,d , d ∈ {1, . . . , ndim} (8)

with

∆d := |yd − ŷd| (9)

must be met. Note that (8) is similar to (5) but in case of IGS
the value G is already determined by the association proba-
bility which also defines the size of the ellipse. Furthermore,
assuming additive noise, the innovation covariance S is

S = Ĉ +C (10)

with Ĉ being the covariance matrix of the prediction and C
the covariance matrix of the measurement. For example, in
case of the LKF the innovation covariance would be

S = HPH⊤
︸ ︷︷ ︸

Ĉ

+ R
︸︷︷︸

C

(11)

2In multi-dimensional cases it is actually an ellipsoid. For better under-
standing the term ellipse is used here since visualizations are 2-dimensional.

3In multi-dimensional cases these are hyperplanes.

with H being the measurement matrix, R being the measure-
ment covariance, and P being the a priori state covariance.

Ĉ and C in combination with
√
G also form ellipses centered

around the prediction and the measurement, respectively. In
addition one can also form circumscribing frames around these
ellipses as it is done in case of S. If these two “smaller”
frames do not overlap in a certain dimension d, the following
inequation applies:

∆d > σ̂d

√
G+ σd

√
G . (12)

σ̂d and σd denote the standard deviations given by the main

diagonal entries of Ĉ and C , respectively. Furthermore, not
overlapping in one dimension automatically results in not
overlapping at all. Considering (7) and (10) we get

σ2
S,d = σ̂2

d + σ2
d (13)

=⇒ σ2
S,d < σ̂2

d + 2σ̂dσd + σ2
d (14)

< (σ̂d + σd)
2 (15)

and so
σS,d < σ̂d + σd . (16)

These inequations and (12) result in

∆d > σS,d

√
G . (17)

Hence one can make the following implications:

The “smaller” frames do not overlap in all dimensions.

⇒ These frames do not overlap at all.

⇒ Measurement is not within the S-frame.

⇒ Measurement does not fall within the S-ellipse.

It needs to be kept in mind that these implications hold only
one way. Overlapping frames is not a sufficient condition. But
it is a necessary condition for the measurements being in the
S-gate.

Considering that, in many tracking scenarios, the variances
and hence also the frames are small compared to the complete
tracking area [5], [21], the number of contacts whose frames
overlap with the frames of a predicted measurement will be
much smaller than the total number of contacts. So, applying
PEG only on these contacts will require much less time than
applying PEG on all contacts. In addition, as the frame-overlap
condition is only a necessary but not sufficient condition it
will never filter out contacts which would not be filtered
out by PEG anyway. So it does not suffer from the fixed-
gate-size problems. Summarized, Individual-Gating-by-Sorting
conducts an individual and coarse gating step by checking
for overlapping frames followed by classical ellipsoid gating.
In the following subsection the implementation of IGS is
presented, including a quick way to check whether the two
small frames overlap.

B. Implementation of IGS

As pointed out in Section IV-A, checking for frame-overlap
can be done dimensionwise. So, the following steps are to
be conducted for each dimension: Firstly, one needs to sort
the set of measurements along each dimension. After that the
relative position of a predicted measurement within the sorted
list of measurements needs to be found as it is illustrated
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Figure 1: Visualization of an ellipsoidal gate and its circum-
scribing frame. It completely covers the ellipse. Hence no
measurements (dots) which are outside the frame can ever be
inside the ellipse.

in Fig. 2. This is carried out by means of binary search [22].
For all measurements whose positions are below the predicted
measurement position, one needs to check if the upper side
of the measurement-frame is above the lower side of the
prediction-frame, i.e.,

yd + σd

√
G > ŷd − σ̂d

√
G , (18)

and for the measurements whose positions are above the
predicted measurement position (see Fig. 2):

yd − σd

√
G < ŷd + σ̂d

√
G . (19)

Beginning at the position of the predicted measurement, this
checking procedure is done sequentially downwards until the
measurements do not meet the requirement

yd +max
i

(σi,d)
√
G+ σ̂d

√
G > ŷd (20)

and upwards until the measurements do not meet the require-
ment

yd −max
i

(σi,d)
√
G− σ̂d

√
G < ŷd (21)

anymore; maxi (σi,d) denotes the largest variance of all mea-
surements in dimension d.

After the frame-overlap checking has been conducted in
all dimensions, results are lists of measurements who fulfill
the conditions (18) or (19) for the corresponding dimensions.
Hence the intersection set of these lists contains only mea-
surements whose frames overlap in all dimensions with the
frame of the predicted measurement, i.e., they actually overlap.
Only these few remaining measurements are finally gated using
PEG.

As an alternative one could check the frame-overlap step-
wise. I.e., frame-overlap is checked for one dimension and only
the remaining contacts are then checked regarding the next
dimension. Although this seems to be a very fast method the
implementation is more complex and the additional program-
operations may need extra computation time. In [6] not sorting
and binary search but multidimensional search trees are used.
This method requires a lot more effort in programming since
search trees are not part of the standard library of the pro-
gramming language C++ used in this work.

ŷd,j

√
G · σ̂d

√
G · σd

Figure 2: Illustration of frame overlapping. The broad blue bar

visualizes the ±
√
Gσ̂d-range of the predicted measurement

j around its position ŷd,j in dimension d. Circles mark the
positions of measurements which are below the position of
the predicted measurement and rectangles mark the position
of the measurements which are above. Dark red thin bars
represent the ±

√
Gσ-range of measurements whose frames do

not overlap with the frame of the predicted measurement in
dimension d. Bright green bars represent measurements which
overlap in this dimension.

C. Complexity Analysis

As mentioned in [5], a precise prediction of the com-
putation time is hardly possible since it depends on the
performance of the computer, the exact way of implementation,
the optimization capability of the compiler, and many more
things. Though, an approximate analysis of the computation
time and the complexity is feasible.

The sorting algorithm used in this work is given by the
C++ Standard-Template-Library and its average computation
time Tsort(n) is

Tsort(n) ∈ O(n ln(n)) (22)

with n being the number of elements to be sorted [23], i.e., in
this work the number of measurements. The computation time
Tsearch(n) of binary search is

Tsearch(n) ∈ O(ln(n)) (23)

with n being the number of elements of the sorted list
through which is searched. Considering that searching has to
be conducted for each of the m predicted measurements the
total computation time Ttot is

Ttot(n) ∈ O((m + n) ln(n)) . (24)

So the IGS computation time can be assumed to have a
loglinear complexity which is an ’́improvement” to PEG’s
complexity of O(m · n). It has the same complexity as GbS
but is does not suffer from the fixed-gate-size problems (see
Section III-C). Furthermore, the complexity analysis indicates
that the benefit of IGS increases as the number of contacts
increases. This behavior is investigated in Section V-B.

Calculating the intersection set as mentioned in Sec-
tion IV-B as well as checking for the exit conditions (20)
and (21) require time as well. But taking into account that
the variances are small compared to the tracking area (see
Section IV-A), these operations will not gain too much weight.
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Figure 3: Setup of scenario 1. There is one transceiver (TRx1)
and one additional receiver (Rx2). The target is denoted by
T1.

V. SIMULATION AND RESULTS

GbS has been tested in [21] on a real radar dataset recorded
at a sea trial in 2011 [24]. One disadvantage of real datasets is
that some performance metrics given in [8] cannot be obtained.
E.g., since the sea area was not controlled, the number of false
tracks can hardly be quantified. In this work, the simulation
data is generated by the multistatic sonar simulator of the
University of Connecticut [7]. This enables the possibility to
precisely obtain tracking performance metrics as well as run-
ning Monte Carlo simulations. Furthermore, compared to [5]
not MATLAB-script language but the compiled programming
language C++ is used to implement the algorithms. Hence the
computation-time-results are more useful for further consid-
erations in real-time applications or fast simulations in the
presence of high amount of data.

The simulations are divided into two parts. The first part
serves as a verification for the reliability of the presented
tracking algorithm and especially of IGS. The second part
investigates only the computation time of PEG compared to
IGS with respect to the number of contacts.

The hardware used for the simulations is a standard
personal computer. Its specifications and other development
information are:

• Intel XEON CPU, 2.8GHz (4 cores, no multicore
usage programmed),

• Memory: 24GB, 1333MHz,

• Windows 7 Professional Edition,

• Microsoft Visual Studio 2012,

• C++ Standard Template Library, Boost (uBlas).

A. Reliability of IGS

In this part of the simulation, MHT is applied on a
multistatic sonar dataset, once using IGS and once using PEG.

Table I: Simulation results in terms of tracking performance
metrics.

TPD RMSE/m TFAR/s−1 × 1000

Scenario 1, PEG 0.82 475 1.072

Scenario 1, IGS 0.82 475 1.072

Table II: Statistics of the computation time of 100 Monte Carlo
simulations. The values refer either to the gating procedure
only or to the complete tracking procedure. The upper and
lower adjacent delimit the 99.3% coverage. All units are
milliseconds (except for the number of outliers).

Gating Tracking

IGS PEG IGS PEG

Mean 11.2 41.2 53.4 86.3

Standard Deviation 1.2 5.2 4.6 9.2

Min 9.4 32.6 45.0 70.0

Max 17.0 57.9 66.0 115.1

25th Percentile 10.8 38.1 49.7 80.1

Median 11.7 40.9 53.2 85.0

75th Percentile 12.5 44.8 56.0 91.3

Lower Adjacent 9.4 32.6 45.0 70.0

Upper Adjacent 14.8 54.7 65.2 106.8

#Outliers 1 3 1 3

IGS, Ga. PEG, Ga. IGS, Tr. PEG, Tr.

20
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100

120

T
/
m
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Figure 4: Boxplots for the computation time. Ga. denotes the
computation time for the gating procedures only and Tr. stands
for the complete tracking simulation (one run).

The main objective is to show that IGS and PEG actually create
the same results. The simulation scenario is the predefined
scenario 1 (K-distributed clutter) given in [25]. Scenario 1
features a single target moving in a straight line. It lasts for
3480 s (59 pings) and its configuration is shown in Fig. 3. For
the Monte Carlo simulations, 100 datasets of this scenario are
created using the multistatic sonar simulator.

1) Numerical Results: Three performance metrics were
chosen: First, the track probability of detection TPD which
is the ratio of the total duration of all true tracks and the total
scenario duration; second, the track false-alarm rate TFAR
which is the number of false tracks normalized by the duration



of the scenario; third, the aberration between the calculated
true tracks and the ground truth given by the root-mean-square
error (RMSE).

As expected and shown in Tab. I, the tracking results are
the same. In fact, the complete tracking result (each track,
each Monte Carlo run) is identical for both gating methods.
The TPD is 0.82. The RMSE is 475m and the TFAR is
1.072 · 10−3 s−1. Although the actual performance is not as
relevant as the validation that the performances of both gating
methods are identical, one has the opportunity to compare
the results of this scenario with those given in the literature,
e.g., [12].

The results of the computation time are shown in Tab. II.
The table shows the average computation time for a complete
scenario run. When using PEG, the gating procedure takes
in average 41.2ms (milliseconds) whereas when using IGS,
gating requires only 11.2ms. So, in average, IGS is 3.7 times
faster than PEG. The complete tracking procedure is about 1.6
times faster. The main reason is that ellipsoid gating steps are
conducted 46398 times when using PEG but only 2706 times
when using IGS. Fig. 4 visualizes the results of Tab. II by using
boxplots. It clearly shows the huge difference in computation
time between the two gating methods. One can also see that
tracking using IGS needs hardly more time than just gating
using PEG. Furthermore, the boxplots visualize the relative
low statistical spread of the results.

2) Summary: In this first simulation IGS has been proven
to run many times faster than PEG while having no negative
influence on the tracking result. In fact they are identical. The
main reason for the acceleration is the frame-overlap check
using sorting and binary search. This pre-gating step filters
out quickly all contacts which do not satisfy the necessary
condition of overlapping-frames. After that, the few remaining
contacts can quickly be gated using ellipsoid gating. Since it
is only a necessary condition, it is clear that IGS cannot alter
the tracking result compared to PEG.

B. Computation Time of IGS

In the previous simulation the tracking environment has
only low clutter and the number of contacts per ping is approxi-
mately only between 10 and 20. In order to further investigate
the advantage of IGS regarding the computation time, IGS
is now tested with respect to different numbers of contacts.
The scenario remains identical, but it runs with Rayleigh-
distributed clutter in a highly-cluttered environment [12]. The
numbers of contacts per ping are set to {10, 20, . . . , 90, 100}
in each simulation series. Again, each series comprises 100
Monte Carlo simulation runs. The number of contacts refers to
those with the strongest SNR. The computer hardware remains
the same.

1) Numerical Results: The results in computation time
are shown in Tab. III, Tab. V, and Tab. IV, and they are
visualized in Fig. 5, Fig. 6, and Fig. 8. In Tab. III, the
mean computation times for the sum of all gating procedures
within one simulation run are given and in Tab. IV the mean
computation times for one complete tracking simulation are
shown. Since gating and tracking using IGS is always faster
than using PEG, the difference ∆T is defined as

∆T := TPEG − TIGS (25)

Table III: Computation time statistics for the sum of all gating
procedures within one run. TIGS,Ga and TPEG,Ga are mean
values (one simulation run) and given in milliseconds. ∆T

denotes the difference and a is the acceleration.

#Contacts TIGS,Ga TPEG,Ga ∆T a

10 3.5 14.8 11.3 4.2

20 11.6 69.3 57.7 6.0

30 25.0 194.0 169.0 7.8

40 46.6 422.4 375.9 9.1

50 80.4 787.0 706.6 9.8

60 126.0 1318.0 1192.1 10.5

70 185.8 2028.1 1842.3 10.9

80 255.6 2937.0 2681.4 11.5

90 331.2 3990.7 3659.5 12.0

100 417.9 5194.6 4776.6 12.4

Table IV: Computation time statistics for one complete track-
ing simulation. TIGS,Tr and TPEG,Tr are mean values (one
simulation run) and given in milliseconds. ∆T denotes the
difference and a is the acceleration.

#Contacts TIGS,Tr TPEG,Tr ∆T a

10 29.3 41.2 12.0 1.4

20 79.0 140.7 61.6 1.8

30 149.6 322.6 173.0 2.2

40 246.5 634.7 388.2 2.6

50 380.9 1112.2 731.2 2.9

60 563.7 1786.1 1222.4 3.2

70 780.9 2675.6 1894.7 3.4

80 1051.4 3808.2 2756.9 3.6

90 1338.4 5100.5 3762.1 3.8

100 1655.0 6582.0 4927.0 4.0

Table V: Mean number of ellipsoid gating procedures per
simulation run. ∆N is the absolute and aN is the relative
difference.

#Contacts NIGS NPEG ∆N aN

10 1060.7 18050.4 16989.7 17.0

20 3896.6 84236.4 80339.8 21.6

30 9240.3 235130.1 225889.8 25.4

40 17590.9 515273.2 497682.3 29.3

50 29188.2 959319.5 930131.3 32.9

60 44240.1 1601840.4 1557600.3 36.2

70 62724.1 2456672.4 2393948.4 39.2

80 84856.5 3546844.0 3461987.5 41.8

90 109455.1 4812201.0 4702745.9 44.0

100 136908.0 6262032.0 6125124.0 45.7

and the acceleration a is defined as

a :=
TPEG

TIGS

. (26)

The computation times for tracking as well as for gating are
illustrated in Fig. 5. It is clearly visible that gating using IGS
is much faster than using PEG. In fact, using PEG with more
than 20 contacts per ping, the gating procedures themselves
already need more time than the complete tracking procedure
using IGS. Only for the lowest number of contacts (i.e., 10),
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Figure 5: Computation time for one scenario run with respect
to the number of contacts. The figure shows the mean compu-
tation time for all gating procedures using PEG ( ) and IGS
( ) as well as for a complete tracking procedure using PEG
( ) and IGS ( ). Note that the time axis is logarithmic.

R
at
io

ρ

Number of Contacts
10 20 30 40 50 60 70 80 90 100

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

Figure 6: Ratio of the computation time of gating procedures
to the complete tracking procedure. The blue curve ( ) shows
the PEG-related ratio and the red curve ( ) the IGS-ratio.

PEG-gating is faster than IGS-tracking. Furthermore, the ac-
celeration increases when the number of contacts increases.
When 10 contacts are processed per ping, the acceleration of
the gating procedures is 4.2 and that of the complete tracking
procedure 1.4. But at 100 contacts the acceleration increases
up to 12.4 and 4.0, respectively. In Tab. V the mean numbers
of ellipsoid gating procedures of one simulation run are shown
and they are visualized in Fig. 7. It clearly shows that the first
gating step using frame overlap already sorts out most of the
unlikely associations. Hence in IGS ellipsoid gating is carried
out fewer times than in PEG. When simulating with 10 contacts
per ping, IGS reduces the number by a factor of 17. Using 100
contacts it is even over 45 times fewer. Fig. 6 shows the ratio
ρ of the computation time of gating procedures to that of the
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Figure 7: Mean number of ellipsoid gating procedures of one
simulation run. The blue curve ( ) represents the result using
PEG and red curve ( ) shows the result for IGS. Note that
the #-axis is logarithmic.
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Figure 8: Mean acceleration of IGS compared to PEG for one
simulation run. The blue curve ( ) shows the acceleration for
a complete tracking procedure and the red curve ( ) for the
gating procedures.

complete tracking procedure:

ρ :=
TGating

TTracking

(

:=
TGa

TTr

)

. (27)

Using PEG the ratio starts at about 36% and increases to
almost 80%. When using IGS the ratio ranges only from 12%
to 25%.

2) Summary: In this second simulation, IGS has been in-
vestigated with respect to the number of contacts per ping. The
results comply with those of the first part of the simulations
(see Section V-A) in which IGS was faster than PEG. In this
part it could additionally be shown that IGS becomes the more
efficient compared to PEG the more contacts are involved. Not
only the absolute difference between the two gating methods
increases but also the relative difference, i.e., the acceleration,
increases as the number of contacts increases. This makes



IGS suitable for scenarios with high numbers of contacts, in
particular. In addition, the analysis of the ratio ρ indicates
that gating becomes a bottleneck in efficiency in the tracking
algorithm as the number of contacts increases. This bottleneck
is overcome by using IGS.

VI. CONCLUSION AND OUTLOOK

In this paper, an approach for a low-complexity individual
gating method, namely Individual-Gating-by-Sorting is pre-
sented. The main idea of IGS is to transform a distance-
measurement problem into a frame-overlap problem. This
can be solved efficiently using sorting algorithms and binary
search. After this first step, only very few contacts remain,
and they can be quickly gated using ellipsoid gating. Since
the frames completely surround the ellipses, the frame-overlap
condition actually cannot alter the result. IGS is integrated
into an MHT-algorithm and applied to a multistatic sonar
dataset of the University of Connecticut and analyzed in terms
of reliability and computation. It has been shown that IGS
accelerates the gating process significantly without altering the
actual tracking result compared to classical ellipsoid gating.
Furthermore, the benefit of IGS increases as the number of
contacts increases.

These first results show that IGS is a promising approach
for individual gating in the presence of a high amount of
data. In order to further investigate its suitability, IGS should
be applied to more scenarios. In these scenarios, one should
further increase the number of contacts. However, not only
the number of contacts, but also the contact density should be
taken into account. I.e., one needs to know what happens when
the number of contacts increases and the size of the tracking
area increases proportionally (contact density remains equal)
as well as what happens when the number of contacts increases
and the size of the tracking area remains equal (contact density
increases). Additionally, the benefit of IGS in combination
with other tracking algorithms such as PHD or JIPDA could
be investigated. Finally, IGS should be applied not only to
simulated but also to real data sets to prove its suitability for
real-life applications.
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