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Abstract—In this study, a new Multi-Dimensional Hough
Transform technique is proposed for the detection of dim tar-
gets in radar data. Multi-Dimensional Hough Transform is a
Track-Before-Detect method that fuses Hough Transform results
obtained on (x-t), (y-t) and (x-y) domains. The proposed study
models Hough Transform results in (x-t) and (y-t) domains by
Gaussians and transforms these Gaussians to (x-y) domain using
Unscented Transform. This improves the computational efficiency
significantly without degrading performance. Moreover, the algo-
rithm is modified to make use of the echo amplitude values of the
radar data and the prior knowledge of target’s maximum speed.
Lastly, a score-based track confirmation algorithm is proposed
to increase the performance and detect the track location.

Keywords—track-before-detect, multi-dimensional Hough trans-
form, Hough transform, unscented transform, score-based track
confirmation

I. INTRODUCTION

The detection of targets with poor signal-to-noise-ratio
(SNR) - often called dim targets - is a common problem,
especially for sea targets under strong clutter. Therefore,
Track-Before-Detect (TBD) methods prove very useful for the
detection of low SNR targets. TBD techniques do not employ a
point-measurement detector like in most tracking applications.
Instead, they work on the raw data coming from the sensor.
Some of these methods include dynamic programming [1],
[2], particle filtering [3], [4], Probabilistic Multiple-Hypothesis
Tracking [5], [6], Probability Hypothesis Density (PHD) filters
[7], [8] and Multi-Bernoulli filters [9], [10]. Although some
recent methods can also work recursively, more traditional
TBD algorithms use batch data [11]. One of these methods
is the Hough Transform.

Hough Transform (HT) is an algorithm that is used in im-
age processing for the detection of lines or other parametrized
features [12]. In TBD, it is used for detecting straight lines
in a batch of data. Therefore, the target models are commonly
taken to be nearly-constant velocity models. Hough Transform
was first used as a TBD method by Smith and Winter in the
late 1970s [13] and was later more extensively developed by
Carlson for radar applications in 1994 [14]. However, recently,
it is re-emerging as a method that treats the TBD problem as
a detection problem rather than a tracking problem [15]–[17].

One of the newer applications of the Hough Transform
to TBD is the use of Randomized Hough Transform (RHT).

In RHT, rather than processing all pixels, HT is only applied
to randomly chosen pixel pairs. In its application to TBD,
this gives the advantage of being able to force constraints on
the processed lines [15]. Moreover, time information of the
data can be used by choosing points from different frames.
However, randomly choosing data pairs is also a disadvantage
of the algorithm as it may cause information loss.

Another algorithm that aims to incorporate the time infor-
mation of the data to the HT is the Multi-Dimensional Hough
Transform (MHT) [16]. The main idea behind MHT is that for
a target with constant velocity, if a straight line exists in the
Cartesian space, it also exists in the x position vs. time and
y position vs. time spaces. Using this relation, the algorithm
applies HT in three domains and fuses them to detect the
target. MHT does not suffer from the information loss that may
occur in RHT because it processes all data points. However,
processing all points may result in some faulty tracks under
intense clutter.

In this study, this idea behind MHT is used to develop a
new Multi-Dimensional Hough Transform algorithm based on
Unscented Transform. During the fusion, instead of finding
common points that exist in all domains, the candidates in
(x-t) and (y-t) domains are modelled as Gaussians and are
transformed into the (x-y) domain by Unscented Transform. In
the (x-y) domain the recovered distribution is used to detect if
a line exists in all three domains. This method aims to decrease
the computational load without degrading the performance of
the algorithm.

Moreover, to further decrease the computational load, the
converging mapping technique of RHT is utilized in the
Unscented Transform based MHT. Converging mapping allows
the maximum speed constraint of the target to be enforced
on the data. In addition, the proposed algorithm utilizes the
small difference between the echo amplitudes of the targets
and the clutter by assigning a weight to HT results based on
the average SNR of mapped data points. A thresholding with
respect to this weight allows processing more likely candidates.

Lastly, a score-based track confirmation routine is added
to the algorithm to pinpoint the target location on the output
line from MHT. This score-based track confirmation algorithm
also eliminates any false tracks that may be produced by MHT
under intense clutter, making the algorithm more robust to
clutter.



II. A MULTI-DIMENSIONAL HOUGH TRANSFORM
ALGORITHM BASED ON UNSCENTED TRANSFORM

This section presents the basics of Hough Transform and
the MHT algorithm before examining the new algorithm
proposed in this study.

A. Hough Transform

In a two-dimensional space, it is known that the points on
the same line, satisfy the equation y = Ax+B. Therefore, the
line can be represented with the pair (A,B). Hough Transform
is based on the principle that the above line can also be
represented with another parameter pair, (ρ, θ), in the Hough
Space. This representation is,

ρ = x cos θ + y sin θ (1)

In (1), the parameter ρ represents the minimum distance
of the line to the origin while θ represents the angle the line
makes with the y-axis. As can be inferred from (1), a single
point in the Cartesian space results in a set of (ρ, θ) pairs in
the Hough space, forming a curve. When two points are on the
same line, their curves intersect in the Hough space. Therefore,
by looking at points where intersections occur in Hough space,
one can find straight lines in Cartesian space.

B. Multi-Dimensional Hough Transform

Since the study proposed here is based on the Multi-
Dimensional Hough Transform, the details of the algorithm
is given in this section. MHT is an algorithm that aims to
incorporate time information of the incoming data by apply-
ing Hough Transform in three different domains [16]. These
domains are x position vs. time, y position vs. time and x
position vs. y position.

The algorithm in [16] starts from the constant velocity
assumption of the target and uses the fact that a target moving
with a constant velocity in the (x-y) domain would also have
to move on straight lines in (x-t) and (y-t) domains. Therefore,
the aim is to find straight lines existing in these three domains
and look for the ones that exist in all three, which would be the
case if a target was present. Time data’s fusion into the Hough
Transform eliminates the noise that would be introduced by
clutter points aligning on a line in the (x-y) domain. The steps
of the algorithm are as follows:

1) Hough Transform: All data points are mapped to the
Hough space using (1) in all three domains. As a result, three
HT data representations are obtained, forming of curves that
represent each point’s mapping. Until the fusion of dimensions,
these HT representations are processed independently.

2) Clustering and Thresholding: By the use of a two-
dimensional, uniform amplitude window, the mappings ob-
tained from noisy measurements are associated to each other.
The clustered HT data is then thresholded by saving only the
results above a certain threshold.

3) Centroiding: Centroiding is applied to the surviving
clusters by the use of a peak detection technique. The centroid-
ing window chooses the largest value in the window, therefore
choosing the most-likely linear trajectory.

4) Aggregating: This step is the assigning of all data points
to found linear trajectories. The grouping is done using a
distance metric and data points close enough to a candidate
line are assigned to this line. A data point can be assigned to
more than one candidate.

5) ANDing: ANDing is where the information coming
from different dimensions is fused and final candidates are
obtained. The fusion is done by checking all combinations
of the candidate lines in three domains for common points.
Therefore, if M , N and L are the number of lines found in
(x-t), (y-t) and (x-y) domains respectively, the ANDing process
will form M.N.L groups and compute the number of common
points for each one.

6) m-of-n Testing: The decision on target existence is made
using the common points found by the ANDing process. The
MHT algorithm looks at the number of common points in each
group and if m common points exist for the n scans processed,
the group is accepted as a target trajectory.

7) Trajectory Bounding: Finally, to roughly estimate the
target position in the found trajectory line, the common points
found above are used to limit the trajectory.

This technique is very efficient when the number of clutter
points is low as this also lowers the candidate trajectories in
different domains. However, as clutter increases, the candidate
numbers increase rapidly, making the ANDing process com-
putationally more expensive. The increased clutter rate may
also cause clutter points to be listed among common points,
decreasing the accuracy of the trajectory bounding. It can be
inferred from these problems that the algorithm can be further
improved.

C. Multi-Dimensional Hough Transform Based on Unscented
Transform

For the improvement of the algorithm both in efficiency and
execution time, the new Multi-Dimensional Hough Transform
based on Unscented Transform is developed in this study. The
steps of the proposed algorithm are as follows:

1) Hough Transform with Converging Mapping: Conver-
ging mapping is a mapping method used in the Randomized
Hough Transform. While diverging mapping is the technique
given in (1) that maps a single Cartesian point to a Hough
curve, converging mapping maps two points in the Cartesian
space to a single (ρ, θ) point in the Hough space. This mapping
is done as given in (2) and (3).

θ = arctan

(
−x1 − x2
y1 − y2

)
(2)

ρ = x1 cos θ + y1 sin θ (3)

Equations (2) and (3) give the relation between two Carte-
sian points (x1, y1) and (x2, y2) to the (ρ, θ) parameters
of the line that they form. Converging mapping is a good
improvement on MHT because it enables the speed condition
of the target to be applied. Therefore, the above pairs (x1, y1)
and (x2, y2) are chosen according their calculated speeds in x
and y, as given in (4).



vx =
x2 − x1

t
, vy =

y2 − y1
t

(4)

In (4), t is the time difference between the frames. The
point pairs are subjected to the speed condition in (5).

(vx ≤ vx,max)&(vy ≤ vy,max) (5)

When (5) is true, the Cartesian pair is listed for HT
processing. Three lists are generated for the three different
domains using this method. HT is applied to these lists of
point pairs. Moreover, the algorithm assigns a weight to each
(ρ, θ) pair by using the SNR values of the Cartesian points
that generated it. This weight w, is simply the average of the
SNR values of the Cartesian points, calculated using their echo
amplitudes. As a result, three accumulators of Hough space
parameters and their weights are obtained from HT processing.
These accumulators hold three-dimensional vectors formed of
(ρ, θ, w) values.

2) Tolerance Gating: When the accumulators are formed,
in order to make up for measurement noise, tolerance gating is
applied to the accumulators independently. This process uses
two user defined tolerance values in ρ and θ, named ρTol and
θTol respectively. Accumulated parameter sets that fall into the
same tolerance window (gate) are merged according to (6). In
the equations, ρcell, θcell and wcell are the final values of a
tolerance cell after merging k parameter sets that fell in the
cell. wnorm,i represents the normalized weights.

ρcell =

k∑
i=1

wnorm,iρi (6a)

θcell =

k∑
i=1

wnorm,iθi (6b)

wcell = max
i=1:k

wi (6c)

Equations (6a), (6b) and (6c) show that while the weighted
averages of the HT parameters ρ and θ are taken as the overall
cell values ρcell and θcell, the weight of the cell wcell is
chosen as the maximum weight in the cell. The reason behind
choosing the maximum weight is to make sure that a cell that
consists of a candidate with a high weight is considered and
not eliminated by candidates that are produced by clutter in
that same cell.

3) Weight Thresholding: Following the tolerance gating, a
threshold is applied to the weights of the accumulators in all
dimensions in order to decrease the number of candidates and
not process the accumulated HT sets that are more likely to
be formed of clutter. This is a user-defined threshold and can
be set according to the requirements of the application. This
type of thresholding is preferred to choosing the cells with
a higher number of candidates inside because under intense
clutter, noisy points may result in more number of intersections
than the data coming from the target.

4) Domain Fusion with Unscented Transform: After the
weight thresholding, there remain a limited number of track
candidates in three domains: x-t, y-t and x-y. These remaining
candidates must be fused to obtain the target trajectories. The
new fusion method is the main contribution of this work to
the literature. It differs from the existing MHT in its method
of associating the candidates in different dimensions to each
other.

The aim of MHT algorithm is to associate the (ρ, θ) pairs
in (x-t) and (y-t) domains with those in the (x-y) domain.
All (x-t) and (y-t) candidates are noisy versions of the correct
values. It is assumed that the noises can be approximated as
additive Gaussian noises. That means that the target moves
along a linear (x-t) and (y-t) trajectory but the velocity of it
in both directions, as well as the distance of the trajectory
to the origin, are not known exactly and are modelled as
Gaussian. This model generates a noisy model for the (x-
y) line where the noise is again approximated as Gaussian.
The algorithm proposed here models the (x-t) and (y-t) lines
as Gaussian distributions and calculates the parameters of the
noise in (x-y) domain using Unscented Transform. Unscented
Transform is used because the derived relations between the
Hough parameters of the three domains are highly nonlinear.
These relations are given in (7a) and (7b). The pseudo code
of this new fusion method is given in Fig. 1.

θxy = arctan

(
− tan θy
tan θx

)
(7a)

ρxy = ρy
1

sin θy

√
1 + tan2 θx

tan2 θy

− ρx
1

sin θx

√
1 +

tan2 θy
tan2 θx

(7b)

The Gaussian distributions modelled for a (ρx, θx) and
(ρy, θy) pairs have the mean in (8) and are transformed into
(ρxy, θxy) domain by Unscented Transform.

x̂k =

ρxθxρy
θy

 (8)

For the application of Unscented Transform, the sigma
points and their weights are generated using the (ρ, θ) values
of the kth pair of lines from (x-t) and (y-t) domains. The sigma
points and weights are denoted by (9) where nx is 4.

{x(i)k , π
(i)
k

2nx

i=0
} (9)

They are calculated using the equations in (10) where P is
the covariance of the modelled distribution. In this study, P is
assumed to be related to the tolerances used in the tolerance
gating.

x
(0)
k = x̂k π

(0)
k = π

(0)
k

x
(j)
k = x̂k +

[√
nx

1−π(0)P

]
:,j

π
(j)
k = 1−π(0)

2nx

x
(j+nx)
k = x̂k −

[√
nx

1−π(0)P

]
:,j

π
(j+nx)
k = 1−π(0)

2nx

(10)



INPUT : (ρx, θx), (ρy, θy)
OUTPUT : (ρxy, θxy)
for all (ρx, θx), (ρy, θy) pairs do

Compute σ-points for (ρx, θx, ρy, θy)
Apply Unscented Transform to σ-points using (7)
Recover the (x-y) domain distribution using (12)
Compute a gate for the recovered distribution using (13)
if a (ρxy, θxy) pair found by HT is in the gate then

Mark the (ρxy, θxy) pair as a track candidate
end if

end for

Fig. 1. Pseudo code for domain fusion with Unscented Transform

After the sigma point generation, these sigma points are
transformed into the (x-y) domain using (7). The sigma points
of the distribution in (x-y) domain are denoted by (11).

y
(i)
k =

[
ρ
(i)
xy,k

θ
(i)
xy,k

]
(11)

After the sigma points of the line in (x-y) is calculated, the
next step is to reform the (x-y) line from these sigma points
using (12) and compute a gate with the innovation covariance
calculated by (13).

ŷk =

2nx∑
i=0

π
(i)
k y

(i)
k (12)

Sk =

2nx∑
i=0

π
(i)
k (y

(i)
k − ŷk)(y

(i)
k − ŷk)

T (13)

Using the computed gate, it is checked if any lines found
by HT in the (x-y) domain fall into the gate. The ones that
do for any of the k pairs formed from (x-t) and (y-t) domain
lines are considered as track candidates. As a result, if M , N
and L candidates are found in (x-t), (y-t) and (x-y) dimensions
respectively, the search is done for only M.N groups instead
of M.N.L as in [16].

5) Score-Based Track Confirmation: The track candidates
found with Unscented Transform are then sent to a score-based
confirmation algorithm. This part of the algorithm aims to
eliminate any false lines that may be proposed by the algorithm
under intense clutter.

The score-based track confirmation first assigns the Carte-
sian data points to the candidate trajectories found in the
previous section. The assignment of data to candidates is done
by using the Euclidean distance of the data points to the
candidate trajectories. For this purpose, the y = Ax + B
representations of the trajectories are calculated from their
(ρ, θ) representations using (14).

A = − cot(θ) (14a)

B =
ρ

sin θ
(14b)

Then, according to (15), distances of data points to all
candidates are calculated. The points that have a distance
smaller than a user-defined threshold are assigned to each line
candidate. A data point can be assigned to more than one
candidate trajectory.

D = |Ax− y +B|/
√
A2 + 1 (15)

After the assignment of data points to candidates, for
each candidate Kalman Filters are initialized with two-point
initialization, using data points coming from first and second
scans. For the filtering, the state and measurement vectors are
given in (16).

xk =

xpvxyp
vy

 , yk =

[
xp
yp

]
(16)

During the execution of Kalman Filtering the score (Log
Probability Ratio:LPR) of the track is updated at every step
according to (17). While (17a) is used if a measurement is
gated, (17b) is the score update when no measurement fell in
the gate of the filter.

LPRk = LPRk−1 + log
p(yk|y0:k−1,H1 )

p(yk|y0:k−1,H0 )

= LPRk−1 + log
PDpk|k−1(yk)

βFA

(17a)

LPRk = LPRk−1 + log (1− PDPG) (17b)

In (17a) and (17b), H1 and H0 denote respectively the
hypotheses that the measurement belongs to the target or to the
clutter, PD and PG are probabilities of detection and gating
and βFA denotes the false alarm per area per scan. During the
score calculation, the candidate is accepted as a target track if
the score surpasses a user-defined score and the target track
estimated by the Kalman Filter becomes the output of the new
MHT algorithm proposed in this study.

III. EXPERIMENTAL RESULTS

The proposed algorithm is tested using simulated and real
data. The results were obtained for single target, two target
and no target scenarios. Lastly, tests were conducted to assess
the performance of the new algorithm.

A. Simulation and Algorithm Parameters

In the simulations, the targets are assumed to be moving
with a constant velocity. It is also assumed that the target is
detected at every scan. This results in a high clutter rate. The
simulation environment and the parameters of the target and
the algorithm are given in Table I. The simulations are made on
10 consecutive scans, taken with a period of 1 second. In each
simulation clutter is generated using two different levels of
noise, in a surveillance region of 10 km in x and y directions.
The clutter and the target mean echo amplitude values are used
to calculate the weights of the accumulated HT pairs. The
target’s maximum speed is used in the HT processing stage



TABLE I. SIMULATION TEST PARAMETERS

Simulation Environment Parameters

Surveillance Region [10km, 10km]
Scan Period 1 sec.
Number of Scans Processed 10
Echo Amplitude Mean of Clutter 10

Simulated Target Parameters

Probability of Detection 1
Maximum Speed 250 m/s
Measurement Noise Standard Deviation (in both x and y) 25 m
Echo Amplitude Mean of Target 15

Algorithm Parameters

Tolerance in ρ 100 m
Tolerance in θ 5 degrees
Weight Threshold 3 dB

and the measurement noise statistics are used to initialize the
Kalman Filters in the score-based track confirmation.

From the mean echo amplitudes, the average SNR of the
target for this scenario was calculated as 3.5 dB.

Finally, the algorithm’s user defined parameters are given in
Table I. Tolerances in HT parameters were chosen experimen-
tally by paying attention to the target’s measurement noise and
the weight threshold was chosen according to the average SNR
of the target. The score threshold used in the track confirmation
algorithm is not given here as it varies with changing clutter
levels.

B. Single Target Tests

The first set of simulation tests were made with only one
target present. The typical results obtained by the proposed
algorithm can be viewed in Fig. 4. In the figure, the candidates
found in all three domains (x-t, y-t and x-y) can be seen in
Fig. 4a, Fig. 4b and Fig. 4c after weight thresholding. The
final trajectory lines to be processed by the score-based track
confirmation can be seen in Fig. 4d, which is the result of the
fusion of three domains.

It is important to note that as the echo amplitude difference
between the clutter and the target decreases, faulty lines start
to appear after the weight thresholding. For instance, this
condition can correspond to a higher sea level in marine
applications. In these cases, a higher execution time can be
expected, as the possible candidate lines increase notably.

Our experiments show that the faulty candidates can be
eliminated by the score-based track confirmation. An example
of the score-based track confirmation results can be viewed in
Fig. 2. The estimation results confirm the low estimation error
in the target position. Therefore, target existence decision is
made more correctly since a more accurate picture is obtained
for the track.

The simulation tests were done using two different noise
levels (or false alarm per area per scan rates). A total of
1000 Monte Carlo Runs were used to assess the results of
the algorithm with only one target present. These results are
given in Table II.

C. Two Target Tests

The next set of simulations were made with two targets
present in the surveillance region. The target speeds were
randomly chosen according to the speed condition. Their initial

Fig. 2. A typical result of score-based track confirmation for a single
target simulation. (True target path is marked with circles and estimated target
positions are marked with crosses.)

Fig. 3. A typical result of score-based track confirmation for a two target
simulation. (True target path is marked with circles and estimated target
positions are marked with crosses.)

positions can be user defined. In the simulations, the paths were
assumed to be non-intersecting. However, the algorithm can
easily be extended to the intersecting targets case by managing
the data association in the score-based track confirmation. The
statistics of the two target tests can be found in Table II for
1000 Monte Carlo runs.

A typical output of the simulations is given in Fig. 3. It
is important to note that the set of 1000 Monte Carlo runs
contain a total of 2000 tracks to be detected.

D. No Target Tests

The third set of tests were made for the case that target
does not exist in the data. For these simulations, 100 Monte
Carlo runs were made. The results showed that the algorithm
did not produce false tracks in any of these runs. The score



(a) (b)

(c) (d)

Fig. 4. (a) HT candidates found in (x-t) domain. (b) HT candidates found in (y-t) domain. (c) HT candidates found in (x-y) domain. (d) Fusion results of the
three domains.

threshold was kept the same for all scenarios mentioned under
the same amount of clutter.

E. Real Data Tests

The algorithm was also tested for real radar data that
belongs to ASELSAN Inc. The real data, which was taken from
a sea environment, consisted of two different scenarios which
had over 60 scans. The algorithm was applied using a sliding
window of length 10. The tests showed that the algorithm’s
efficiency is again over 90 − 95% for the real data with an
average SNR value 3 dB. According to execution times, the
algorithm is suitable for on-line use for lower clutter rates.

F. Performance Tests

Lastly, the performance of the algorithm was tested. During
these tests, the aim was to determine the limits of the algorithm
and compare it to [16] wherever applicable. The performance
parameters which were considered are the number of missed
detections and the execution time of the algorithm under

TABLE II. SIMULATION RESULTS

Test Type Single Target Two Target
False Alarm Rate (βFA) 10−7 10−6 10−7 10−6

Number of Total Tracks 1000 1000 2000 2000
Missed Tracks 25 17 31 61

Average Number of Final Candidates 7 7 15 12
Average Execution Time (sec) 0.0749 0.8402 0.2658 0.7776

different clutter levels. Moreover, the algorithm was tested for
conditions where probability of detection PD is less than 1.

The first performance test was done for assessing the al-
gorithm’s susceptibility to clutter. The results of the algorithm
were obtained for increasing clutter levels and the performance
was decided according to the number of missed detections
and the level of clutter where algorithm starts outputting false
alarms. The results of these tests can be seen in Fig. 5. The
tests were continued until a clutter rate of 8.10−6 where the
average number of incoming clutter data points in a single scan
is approximately 800. After this clutter rate, it was viewed that
the number of missed detections and the average execution
time for 100 Monte Carlo runs increased to an unacceptable
level. In [16], it is reported that false tracks begin to appear at a
false alarm rate where the average number of clutter data points
in one scan is 80. Therefore, it can be said that MHT with
Unscented Transform is less susceptible to clutter compared
to [16].

Another test was made to compare the fusion procedures
of ANDing - implemented in [16] - and Unscented Trans-
form. The two procedures were first examined with respect
to execution time. The results for this test can be seen in
Fig. 6. The figure shows the change in average execution
time with increasing clutter level for a single target case.
The results show that the proposed fusion method enabled the
algorithm to work at least five times faster with respect to the
algorithm using the ANDing procedure. Especially in higher



Fig. 5. The number of missed detections with increasing clutter rate, with
100 Monte Carlo runs executed for each false alarm rate per area per scan.

Fig. 6. The average execution time of the algorithm with respect to increasing
clutter rate before and after the implementation of fusion with Unscented
Transform. 100 Monte Carlo runs executed for each false alarm rate per area
per scan.

clutter levels, the number of candidates in (x-t), (y-t) and (x-
y) domains increase rapidly. This also increases the number of
line groups to be examined by the ANDing process. On the
other hand, the Unscented Transform method computes for
M.N groups where ANDing computes for M.N.L groups.
Here, M , N and L are the number of candidate lines coming
from (x-t), (y-t) and (x-y) domains.

During the tests, it was observed that the Unscented Trans-
form method did not make an effective improvement for the
missed detections. However, it may allow for an improvement
for cases where the difference between the intensity means of
targets and clutter is smaller. In that case, due to speed, it is
possible to process more candidates to find the target trajectory.

Last set of tests were done for the conditions where the
probability of detection is less than one. These tests were done
for a constant level of clutter. For three different PD levels,
the Receiver Operating Characteristics (ROC) were found for
the algorithm using detected-track and false-report rates. The

Fig. 7. ROC curves for varying probability of detections for the single target
case.

results can be seen in Fig. 7 and show that with decreasing PD
the detected-track rate of the algorithm falls. The probability
of detection tests were done by using 1000 Monte Carlo Runs
and varying score threshold.

IV. CONCLUSION

To conclude, the proposed MHT algorithm with Unscented
Transform was observed to perform efficiently after Monte
Carlo Simulations and other performance tests. The proba-
bilistic model used in the Hough Space for (x-t) and (y-t)
domains was a Gaussian. This Gaussian is transformed into
(x-y) domain by using Unscented Transform. As a result of
this operation, instead of using individual data points, the
probability density functions are used to fuse domains. This
significantly improves the execution time of the algorithm
without degrading its performance.

The efficiency with which the algorithm detects targets
in the radar data is very acceptable and over 95% for most
of the clutter levels. Tests are also conducted for real radar
data and the algorithm is observed to perform well with real
radar data as well. Moreover, it can be inferred from the tests
that the algorithm’s efficiency is less susceptible to the clutter
rate when compared to the efficiency of the algorithm in [16],
which can be more desirable when working with raw data or
really low thresholds in sensors.

Furthermore, the cases where the probability of detection is
less than 1 were examined. As expected, the detected-track rate
decreases with decreasing PD. This decrease can be acceptable
as TBD applications usually work with very low detection
thresholds or raw sensor data, causing the detection probability
to be quite high.

Future works include comparing the proposed algorithm
with other state-of-the art TBD methods like particle filtering,
PHD filters, Multiple Hypothesis Testing and dynamic pro-
gramming. The algorithm’s detected-track rate and execution
time will be the foremost performance criterion for these
experiments.
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