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The widespread use of small Unmanned Aerial Vehicles (UAVs) makes the task of their tracking highly
relevant, especially in conditions where objects are at close ranges and their trajectories intersect. Frequency-
Modulated Continuous-Wave (FMCW) radar is a modern tool for detecting and tracking small UAVs,
allowing for a significant reduction in peak transmit power, thus lowering energy consumption and improving
the weight, size, and cost characteristics of the system. Small UAVs have extremely low radar cross-section
values. Increasing the detection range of small UAVs by FMCW radar can be achieved by lowering the
detection threshold, which, however, leads to a significant increase in the probability of false alarms. To
improve the efficiency of multitarget tracking using FMCW radar data in the presence of a significant number
of false alarms, the Amplitude-Aided Joint Probabilistic Data Association Filter (AA-JPDAF) algorithm
has been developed. This algorithm proposes the use of decision statistics (amplitude information) from
the output of the optimal primary signal processing receiver as additional information. This information is
utilised at the data association stage based on the Joint Probabilistic Data Association (JPDA) method.
Target motion parameter estimation for each trajectory is performed using the Extended Kalman Filter
(EKF). The analysis of the AA-JPDAF algorithm and its comparison with the conventional JPDAF were
conducted via statistical simulation for scenarios involving intersecting trajectories and long-term parallel
motion of targets at close ranges.
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Introduction

One of the key tasks of airspace radar monitoring
is tracking small aerial objects, primarily unmanned
aerial vehicles (UAVs). The relevance of this task is
driven by a significant increase in the production of
small UAVs and the rising threat level [1,2] associ-
ated with their widespread use. In practice, a typi-
cal contemporary scenario involves the simultaneous
observation of not only several individual UAVs but
also swarms [3], where objects may be located at close
ranges and their trajectories may intersect.

Recently, significant interest has emerged in
Frequency-Modulated — Continuous-Wave (FMCW)
radars with continuous linear frequency modulation [4].
FMCW radars enable a substantial reduction in peak
transmit power, thereby lowering energy consumption
and improving the weight, size, and cost characteristics
of the system. This extends their applicability to sites
unsuitable for conventional surveillance radars.

Small UAVs, as radar observation targets, are
characterised by radar cross-section values on the order

of 0.01-0.5 m? [5], which significantly complicates
the tasks of detection and tracking. One of the key
approaches to extending the detection range of small
UAVs by radar systems is the reduction of the detecti-
on threshold [6]. However, this inevitably leads to an
increase in the false alarm probability, which may reach
values of F'= 10~ or higher.

In secondary data processing, the following primary
tasks are traditionally addressed: target track initiati-
on, track maintenance (tracking), track termination
(deletion), and kinematic calculations for radar data
end-users [7,8]. The track initiation task enables a
decision regarding the presence of a target within the
radar’s surveillance region with a specified probability
prior to its handover for tracking. At the track ini-
tiation stage, the problem of optimal estimation for
trajectory parameters is generally not addressed in
order to minimize computational overhead. Therefore,
the number of targets being tracked during each radar
scan is considered known.

In the presence of a large number of
false measurements, decision statistics (amplitude
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information) obtained from the output of the optimal
primary signal processing receiver have been proposed
as additional information to improve target trajectory
tracking [9, 10]. In [11], an adaptive radar tracking
algorithm for a manoeuvring UAV was synthesised
using Probabilistic Data Association (PDA) based
on both coordinate and amplitude features. The use
of amplitude information improves the reliability of
measurement association and reduces the impact of
false measurements on the tracking process.

In multitarget tracking under conditions of ahigh
false measurement density, the Joint Probabilistic Data
Association (JPDA) algorithm has gained widespread
use as a multi-trajectory extension of the single-
trajectory PDA algorithm [12]. JPDA analyses all
feasible sets of trajectory-measurement pairs formed
through the gating process and calculates their posteri-
or probabilities, which are subsequently used to esti-
mate the motion parameters of targets for each
trajectory.

The JPDA data association algorithm can be
combined with various target motion estimation algo-
rithms. The primary and most fundamental approach
is the Joint Probabilistic Data Association Filter
(JPDAF), in which the JPDA method is integrated
with the Kalman filter. When the target motion and
measurement models are linear, a Linear Kalman Filter
(LKF) is employed; when nonlinearities are present,
the models are linearised, and an Extended Kalman
Filter (EKF) is used [7].

In the conventional JPDAF tracking algorithm,
decision statistics from the output of the optimal
primary signal processing receiver are not utilised.
Consequently, the development of a multitarget track-
ing algorithm for FMCW radar data, specifically
a JPDAF incorporating amplitude information —
hereafter referred to as the Amplitude-Aided Joint
Probabilistic Data Association Filter (AA-JPDAF) —
represents a relevant and timely research problem.

1 Problem Statement
To describe the motion trajectory of the i-th target

i = 1,N in a Cartesian coordinate system, a linear
stochastic dynamic system is employed [8]:

wi(k) = Bk, k — Duglk — 1) + GR)wi(k), (1)
where: u;(k) is a vector containing the motion
parameters of the i-th target along the axes of the
coordinate system; F(k,k — 1), G(k) are known matri-
ces; w;(k) is uncorrelated excitation noise with zero
mean and covariance matrix Q(k).

The FMCW radar measurement equation in a
spherical coordinate system is nonlinear and can be
expressed as [8]:

u? (k) = h(u;(k)) + vi(k), (2)

where uf (k) is the measurement vector of the i-th
target ¢ = 1, N, containing its measured coordinates
in the spherical system; h(-) is a known vector-valued
nonlinear measurement function, and v;(k) — denotes
the measurement noise with a covariance matrix R;(k).

Equation (2) facilitates the description of vari-
ous measurement acquisition scenarios for both two-
dimensional and three-dimensional FMCW radars.

To enhance the tracking efficiency of small UAVs
in the presence of false measurements, it is proposed
to use decision statistics from the output of the opti-
mal primary signal processing receiver as additional
information. During each scan, the optimal receiver
performs target detection by comparing the decisi-
on statistics Z(k) in a resolution cell with an input
threshold. If a detection occurs, a measurement is
formed; the coordinate information characterises its
position in the surveillance area, and the value of the
obtained decision statistics Z(k) is also retained.

For secondary trajectory processing, it is more
convenient to utilise normalised decision statistics
z(k) = Z(k)/o,,, where o, is the RMS noise at the recei-
ver input. When using an FMCW radar, the probabi-
lity density of the normalised decision statistics in the
presence of a target, fs(z(k)) follows a noncentral chi-
square distribution x%(g) with two degrees of freedom
and noncentrality parameter g, which is equal to the
Signal-to-Noise Ratio (SNR) [13]. In the absence of a
target, the probability density of the decision statistics
fn(z(k)) follows a central chi-square distribution x3
with two degrees of freedom. The normalised decision
statistics in each resolution cell are compared with a
normalised input threshold H = —21n F'. The decision
statistics that exceed this threshold are then described
by truncated probability density functions fZ(z(k))
and fX(z(k)), which are defined as:

F3a) = BEB), Q
Flat)) = YEED, ()

where D and F' are the probabilities of correct detecti-
on and false alarm, respectively, defined as:

o0

D:/BMWMW;

H

(5)

F:/mmmww. (6)
H

In the synthesis of the algorithm, the following
assumptions are adopted [7]:

1. A known and previously estimated number of
targets IV is present within the surveillance regi-
on.
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2. Each target can generate at most one
measurement within the surveillance region at
each scan.

3. Each measurement can originate from at most
one target.

4. Measurements generated by one target may fall
within the validation gate of another target.

5. The probability of target detection is D. The
probability that a true measurement falls within
the corresponding validation gate is Ps.

6. The number of false measurements within the
surveillance region follows a Poisson distributi-
on with known spatial density A. The spati-
al distribution of false measurements over the
surveillance region is uniform.

7. The SNR q is assumed to be known and constant
over time.

2 Development of a Multitarget
Tracking Algorithm with Joint
Probabilistic Data Association
Using Coordinate and Ampli-
tude Information

2.1 Gating of measurements for a

group of targets and calculation of
conditional state estimates based
on validated measurements

In accordance with the synthesis methodology for
the JPDAF algorithm [7], the input data consist of the
estimates of the motion parameter vectors @;(k—1) and
the corresponding error covariance matrices f’l(k -1)
for each target ¢ = 1,N. These values, calculated
at step k — 1, incorporate the sequence of measured
coordinates UY(k — 1) = u¥(1),...,u’(k — 1) and
the decision statistics of the measurements Z(k) =
z(1),...,z(k — 1) obtained up to and including time
instant £ — 1. For each target ¢ = 1, N the predicted
state vector uf(k) and the corresponding prediction
error covariance matrix P} (k) are computed as:

u; (k) = Fi(k, k — 1)8;(k — 1); (7)

1

Pi(k) =Fi(k,k — 1)Pi(k — DF; T (k, k — 1)+

(8)
+ G(k)Q(k)G™ (k).

For each target ¢« = 1,N a set of candidate
measurements is obtained through the gating process.
The test for whether the m-th measurement u?, (k)

falls within the validation gate of the i-th target is
performed by checking the condition:

pim (k) = || uy, (k) — H(uj (k)]

(9)

D;(k) <7

where p;, (k) is a quadratic form defined as

(a5, (k) = H(ui (K))l|p, k) =
= im’ (k)D7 ' (k)rim (k),

7

(10)

where r;, (k) = ub, (k) — H(ul(k)) is the innovati-
on (residual) vector; H(uf(k)) is the Jacobian matrix
of the vector-valued function h(-) evaluated at
ul(k); D;(k) is the innovation covariance matrix for
measurement u?, (k) when associated with the i-th
trajectory, calculated as:

D, (k) = Hy (k)P ())HT (k) + Ry(k); (1)

v is the gating threshold, determined by a predefi-
ned probability P, of the true target measurement
falling within the gate [14].

Based on the results of analysing the inclusi-
on of measurements within the individual validation
gates of all targets, a measurement vector u’ (k) =
(uy(k),...,u%,(k)) is formed, which contains the
coordinate information of the measurements, where M
is the number of measurements that fall within the
validation gates of the targets at time step k. In addi-
tion, the vector z(k) = (z(k),..., 2y (k)) is formed,
which includes the decision statistics of the obtained
measurements. A gating matrix C(k) of dimension is
defined with binary elements:

Cs _ 1; pzm(k) >~

The conditional state estimates @;,,(k) and the
corresponding error covariance matrices P;(k) for
target ¢ = 1,N based on validated measurements

m =1, M (where ¢;,, = 1) are calculated as:

Wi (k) = u (k) + Ki (k) (ul (k) — H(ul(k); (13)
K, (k) = P} (k)HT (u} (k)
x (H(u} (k))P; (k) H (ul (k) + R:)
(14)
B,(k) = P} (k) — K;(k)H(u} (k)P}(k).  (15)

As demonstrated by formulae (14) and (15), the
error covariance matrices P, (k) are independent of the
actual measurement values m = 1, M.
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2.2 Formulation of the set of jo-

int association hypotheses and
calculation of their posterior
probabilities

For each target i = 1, N we associate discrete
random variables 6;(k), which take values m; = 0, M,
to characterise the feasible data association scenarios
[12]:

- 0;(k) = m;, m; = 1, M: represents the event that
measurement, m; originates from the target i;

- 0;(k) = 0: represents the event that no
measurement originates from target ¢ (a target miss
or misdetection).

The measurement indices m;, with which the i-th
target can be associated are determined based on the
gating matrix C(k). To describe thejoint association
of measurements with trajectories at step k, a random
vector O(k) = (61(k),...,0n(k)) is utilised. The
random event (k) = (mq,...,my) describes a parti-
cular joint association hypothesis of measurements
to trajectories. Taking into account the constraints
introduced in Section 1, for the vector elements 0(k),
if ¢ # j, the condition m; # m; must be satisfied for
all m; # 0 and m; # 0.

To compute all possible feasible joint association
scenarios, it is appropriate to consider the random
events #(k) = (mq,...,my) in an equivalent form
as hypotheses H;(k), ! = 1, L. Each hypothesis H;(k)
can be mapped with an association matrix A;(k) of
dimension. Its rows ¢ = 1, N correspond to target
trajectories, while the first column (m = 0) represents
target misses. Columns m = 1, M correspond to the
obtained measurements. Binary elements of the matrix
aim , 1t =1, N,m =1, M describe the events of specific
measurement-to-target assignments:

1, target ¢ is associated
P with measurement m,
Tm T .. .
0, target ¢is not associated
with measurement m.

The binary elements a;p, ¢ = 1, N describe events
regarding target detection:

1, target is missed (no
associated measurement),
0, a measurement for target i is present.

aijo =

The following constraints are applied to the matrix
elements:

1. At most one measurement per target:

M
> aim =1 forall i =1,N. (16)
m=0

2. At most one target per measurement:

N
Zaimgl forall m =1, M. (17)
i=1

To determine all possible association matrices
Hi(k),l = 1,L various approaches are employed,
including exhaustive combinatorial enumeration of
feasible hypotheses [14], m-best assignment algorithms
[15], as well as graph-based data association methods
with preliminary measurement gating [16]. In this
process, the gating matrix C(k) is utilised and the
constraints given by (16) and (17) are taken into
account. It should also be noted that for each associ-
ation matrix A;(k), an equivalent hypothesis H,(k) is
defined by the tuple i = 1, N of the vector (k).

Using the association matrix A;(k) the following
indicators can be computed for each hypothesis H;(k):

- a binary indicator of trajectory association:

M
65 = Z Aim < 17
m=1

which demonstrates whether any of the measurements
were associated with trajectory under hypothesis 6, (k),
and takes the value 1, if such a measurement exists, or
0 if a measurement corresponding to the target was not
found;

- a binary indicator of measurement association:

N
!
T = E aim <1,
=1

which reflects whether any target was associated with
measurement within hypothesis 6;(k), and takes the
value 1 if such a target exists, or 0 otherwise.

With consideration of (19), the number of false
(not associated with trajectories) measurements ¢! in
hypothesis 0;(k), is determined by the formula:

(18)

(19)

M
pl=1 (1-m,). (20)

The next step is the calculation of conditi-
onal posterior probabilities P( H;(k)|U"(k), Z(k)),l =
1, L for the hypotheses H;(k). Posterior probabilities
P(H;(k)|U"(k),Z(k)),l =1, L are calculated based on
Bayes’ formula:

Li(k) P(H, (k)

POHI(R) | U (R), Z(R)) = =52t

(21)

where £;(k) = f(u¥(k),z(k) | Hi(k), U"(k —1),Z(k —
1)) is the likelihood function of hypothesis H;(k);
P(H;(k)) is the prior probability of hypothesis H;(k);
Ck) = f(u¥(k),z(k) | UY(k —1),Z(k — 1)) is the
normalising factor:
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The likelihood function £;(k) is calculated accord-

ing to the expression
Li(k) = f(u”(k),z(k) | Hi(k),U"(k —1),Z(k — 1)) =

l

N
= H (Aim, (k)fg(zmi(k)))& %
z_lM
< [T (v

N
= Vo T i, (0) £ o (1)

LE (o (B))) T =

< T (% k)™

m=1

(23)

Here Ajm, (k) is the likelihood function of associating

the measured coordinates uj, (k) of measurement m;

with trajectory 4, which is Gaussian [14] and given by

Aim, (k) = (2m) ™!
x exp{—0.5|lu

det(D; (k) ~1/?x
mi (k) = H(w} (k)| |p, (k) } -

The parameter V' denotes the volume of the vali-
dation gate at the k-th scan.

The first product in (23) calculates the likelihoods
of measurements associated with the corresponding
trajectories. For such measurements 6! = 1. The
measurement index m; associated with the ¢-th target
is determined by the ordered tuple i = 1,N of the
vector (k) corresponding to hypothesis H;(k). The
second product in formula (23) calculates the likelihood
of false measurements that are not associated with
targets in hypothesis H;(k).

The prior probabilities P(H;(k)), | =
calculated according to formula [14]:

1,L, are

1] N
w ) —5t
P(Hi(k)) = M! H (DP)™ (1 - DPS)l 6’PA(‘PZ)»

i=1

(25)

where Py (') is the Poisson distribution:
ATy
Pr(¢) = T (26)

Substituting the likelihood function (23) and the
prior probability (25) into the Bayesian formula (21),
the posterior probability of the joint hypothesis is
obtained as:

P(H (k) [U"(k), Z(k)) =

where C is a normalising constant calculated as:

ya(k) [ U (k —
x M(k)! eV,

1),Z(k—1))x

2.3 Determination of association
probabilities and unconditional
motion state estimates

In accordance with the JPDAF algorithm synthesis
methodology [7,12] the probability B;., (k) of associ-
ating the m-th measurement with the i-th target
(the event 6; = m) is calculated by summing
the posterior probabilities of all joint hypotheses

P(H;(k)|U"(k),Z(k)) in which this specific association
occurs:
L
Bim(k) =Y P(H(K)U"(k),Z(k)).  (29)

l=1,0,=m

The probability of a target miss (misdetection) for
target is defined as:

/BZO

—I_ZBzm

The calculation of the resulting state vector esti-
mates and the error covariance matrix for each
trajectory is performed by considering all the validated
association hypotheses in which it participates:

(30)

(k) = ul (k) Bio(k Zum )Bim(k); (31
Pi(k) = {P (k) + (17 (k) = £:(k)) x
X (x5 (k) = 7(k) } Buolk) +

(32)

M
+ Z {15@(16) + (Bim (k) — £i(k)) x

% (Fam (k) = £:(k)" } B (B):

As follows from equation (31), the position correcti-
on for each target is performed not based on a single
measurement, but on a weighted average combination
of all associated measurements.

Thus, in the multi-target tracking algorithm AA-
JPDAF developed in Section 2 for FMCW radar data,
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amplitude information from the output of the optimal
primary signal processing receiver is utilised during
the calculation of posterior hypothesis probabilities
P(H(k)|U"(k),Z(k)) according to equation (27).

3 Performance Analysis of the
Developed Algorithm

The performance of the developed multitarget
tracking algorithm with joint probabilistic data associ-
ation using coordinate and amplitude information
was analysed using the example of a two-coordinate
FMCW radar measuring target range and azimuth.
To describe the evolution of target motion parameters
along the axes of a rectangular coordinate system, a
second-order polynomial model was employed. In this
case, the state vector of the i-th target, w;7 (k) =
(zi(k), i (k), Z:(k),yi(k), 9i(k), §i(k)), includes the
coordinates of position, velocity, and acceleration along
the respective axes.

For this model, the state transition matrix F and
the process noise gain matrix G are given by:

cooc ocor
cooc o~
c oo~ Ny
oo~ oo o
o~Nocooco
~ oo oo

QI
~
@
I

IS)
_No
™)

H O O O

@

(34)

] ]
No
¥}

2
aTl |

In these expressions, a represents the standard devi-
ation (RMS) of the rate of change of the target’s
acceleration. For the simulation, the parameters were
settoT'=18,a=2m/s>

The linearised measurement equation of the two-
coordinate FMCW radar in the Cartesian coordinate
system has the form [17]

OOO%M‘

uy (k) = Hu; (k) + v;(k),

where uY(k) = (z¢(k),y’(k))T is the observation
vector containing the measured Cartesian position
coordinates of the small UAV. The vector v;(k) =
(viz(k),viy(k))T represents the measurement error
vector with the corresponding error covariance matrix.

(35)

o2 (k) o2, (k)
RZ k — 1T Yy
O = ot,m ohm
The elements of the correlation matrix R;(k) are
determined by the formulas:

(36)

afz(k) = afc0s2ﬁi(k) + rf(k)a%sinQﬁi(k); (37)

Ufy(k) = UfsiHQBi(k) + rf(k)a%cosZﬂi(k); (38)

afwy(k) = 0.5sin28;(k)(0? — rf(k)aé), (39)

where o2 and 0'% are the variances of the measurement
errors of the target coordinates in the spherical coordi-
nate system; r(k) and S(k) are the target coordinates
in the polar coordinate system. In the simulation,
the RMS of the range measurement error was set as
o, =2 m, and for the azimuth, o5 = 1°.

Algorithm performance evaluation was conducted
using statistical indicators of the probabilities of key
tracking events, specifically [7,18-20]:

o Probability of track loss, Post (True Lost): represents
cases where the trajectory began to track exclusively
false measurements, having lost association with the
object.

o Probability of divergence, Pgivergence: characterises a
critical growth of the validation gate (exceeding initial
dimensions by more than 3 times), which makes further
tracking impractical.

e Probability of switching, Pswitch: represents situati-
ons where the original target is lost and the filter
switches to tracking a different target.

e Probability of mutual swap, Pswap: demonstrates
a situation where, after gates intersect, the filters
mutually exchange targets and continue subsequent
tracking.

3.1 Scenario of rectilinear motion
of two targets with intersecting
trajectories

As the first scenario, rectilinear motion of two
targets with intersecting trajectories is considered
(Fig. 1). The trajectory intersection occurs at an angle
of 40 degrees [19,20]. Experiments were conducted for
identical Signal-to-Noise Ratio (SNR) values for both
targets: (14 dB, 14 dB) and (15 dB, 15 dB). The
detection probabilities for SNR values of 14 dB and
15 dB are shown in Fig. 2. The study was conducted
using the Monte Carlo method based on 1000 trials.

Yim]
1100 : : : —7

1000 - ;
900 - 1
800 |- /
700 /

600 Trajectory #1

; —=-=—-=Trajectory #2
500 - ! [To= Trajectory #< | |

400 - /
300 - /

200 - ;

1000
X[m]

| | | |
0 200 400 600 800

Fig. 1. Trajectories of motion of two targets.
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Fig. 2. Target detection probability.

Figures 3 and 4 present the results of experiments
with the known JPDAF algorithm.
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Fig. 3. Tracking event probabilities for JPDAF, SNR
(14 dB, 14 dB).
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Fig. 4. Tracking event probabilities for JPDAF, SNR
(15 dB, 15 dB).

The simulation results for the developed AA-
JPDAF algorithm for a pair of targets with an SNR
of (14 dB, 14 dB) are shown in Fig. 5. The use of
amplitude information from the reports allowed for a

significant improvement in tracking characteristics: the
combined probability Piost + Pdivergence does not exceed
1%, even at a false alarm probability of F' = 0.005.
Specifically, Piivergence 1S less than 0.1%, while P is
up to 0,5%.

P Event probabilities (Target #1)
T "

#— Lost
—*— Switch
—— Divergence

10 10° 102
P Event probabilities (Target #2)

*— Lost
—#— Switch
f——— % ~~|{ —*— Divergence |-

107 10° 102
P Swap Probability
T

| F
3

10 10°

Fig. 5. Tracking event probabilities for AA-JPDAF,
SNR (14 dB, 14 dB).

The switching indicators for the trajectories remain
consistently low: Pyivergence < 7.5%, while the probabi-
lity of mutual target swap (Pswap) fluctuates within the
range of 5.6%...7.3%. Consequently, in the scenario
with intersecting trajectories, the AA-JPDAF algo-
rithm demonstrates improved tracking performance
compared to the JPDAF algorithm.

3.2 Scenario with complex motion

trajectories

Of particular interest is the ability of track-
ing algorithms to handle closely spaced targets.
Therefore, to evaluate algorithm performance, the
scenario proposed in [20] was considered, involving the
convergence of two targets to within 15 m, followed by
parallel motion over a distance of 190 m and subsequent
divergence (Fig. 6). Experiments were conducted with
identical Signal-to-Noise Ratio (SNR) values for both
targets: (14 dB, 14 dB) and (15 dB, 15 dB), as well as
for different values (14 dB, 15 dB).

Figures 7 and 8 present the divergence probabi-
lities (Pdivergence), Obtained using the known JPDAF
algorithm. From the results obtained, it follows that
the JPDAF algorithm cannot be applied at an SNR,
of (14 dB, 14 dB) for the investigated false alarm
probability values. When increasing the SNR to 15 dB
(Fig. 8), at a false alarm rate of F' = 10, the probabi-
lity of track loss due to gate divergence (Pgivergence)
is approximately 16%. This is 8 times higher than
the indicator for the scenario with simple intersect-
ing trajectories (Fig. 4), confirming the significant
complexity of the selected motion conditions.
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Fig. 6. Trajectories of two targets.

The simulation results for the AA-JPDAF algo-
rithm for the considered motion scenario are shown in
Figs. 9 and 10.
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Fig. 7. Tracking event probabilities for AA-JPDAF,
SNR (14 dB, 14 dB).
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The obtained data confirm the high effectiveness of
the developed approach:

o for both SNR values of 14 dB and 15 dB, the gate
divergence probability Pyivergence does not exceed 0,8%,
while the track loss probability Pl is 2,6% across the
entire range of false alarm rates (F = 107%...5-1072);

e the switching probability Pisyiten ranges from
36.4% to 43.3% for an SNR of 14 dB and from 38.5%
to 45% for an SNR of 15 dB.

The mutual swap probabilities Pyyap are recorded
within the limits of 34.8% to 41.3%.

The experimental results for the case of different
target SNR values (14 dB, 15 dB) are presented
in Fig. 11. The use of amplitude information under
unequal target energy conditions (1 dB difference)
enabled the following performance characteristics:

o the probability of gate divergence (Pdivergence)
remains consistently low (less than 0.2%), while the
probability of track loss (Pst) fluctuates within the
range of 1.3% — 3.5%, even at a false alarm rate of
F=5-10"%

e the probability of switching (Pswiten) has signifi-
cantly decreased to a range of 26.5% — 34.7%, which is
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on average 10% better than in scenarios with identical
target SNR values.
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Fig. 11. Tracking event probabilities for AA-JPDAF,
SNR (14 dB, 15 dB).

A trend toward a decrease in the mutual swap
probability (Pswap) was recorded, dropping from 31.4%
to 25% — 26% as the clutter intensity increased.

Consequently, the use of the developed AA-JPDAF
multitarget tracking algorithm for FMCW radar data
makes it possible to increase the tracking effectiveness
compared to the conventional JPDAF algorithm in the
presence of a significant number of false reports.

Conclusions

In this work, a multitarget tracking algorithm for
FMCW radar data, AA-JPDAF, has been developed,
that exploits amplitude information (decision stati-
stics) from the output of the optimal primary si-
gnal processing receiver. For the considered model
examples, results demonstrate that the developed
AA-JPDAF algorithm, which uses decision statistics,
allows for a significant improvement in tracking effecti-
veness in environments characterized by a high level of
false alarm probability, as well as in complex scenarios
involving the motion of closely spaced targets.

The algorithm maintains the spatial localization of
objects and exhibits low values for the probabilities
of gate expansion and track loss, which is critical for
practical systems. The probability of mutual trajectory
swapping for closely spaced targets decreases if they are
characterized by different SNR levels.
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AJroput™M CympOBOAKEHHS KiJIBKOX ITi-
aeii 3 cyMmicHUM HMOBipHICHMM OTOTO-
JKHEHHHAM JIAHUX 3 BUKOPUCTAHHAM KOOP-
AWHATHOI i aMmiaiTyaHol indopmarrii

Kosmyn I. C., XKyx C. 4.

Tupoke 3acTocyBamHs MaJIOPO3MIPHUX O€3IMJIOTHHX
sitasbaux auaparis (BIIJTA) o6ymoBioe akryajbHICTh
3a/1a4i IXHBOTO CYIPOBOIXKEHHSI B YMOBaX, KOJIH 00 €KTH
mepebyBaOTh HA MAaJIMX BIJCTAaHAX, a TAKOXK IXHI Tpa-
€KTOpii HepeTUHAIOTHC .
Hd 1 cympoBomzkeHHs MaJjiopo3mipuux BIIJTA € pamap
3 YaCTOTHO-MOYIbOBAHUM O€3[ePEPBHUM BUIIPOMIHIOBA-
masam (Frequency-Modulated Continuous-Wave, FMCW),
SAKAN [T03BOJISE CYTTEBO 3MEHIIUTH IIKOBY IOTYXKHICTH
BUIIPOMIHIOBAHHS, & OTXKE — 3HU3UTU EHEPrOCIIOXKMUBAHHS

CygacHuM 3ac000M BHSIBJIECH-

Ta MMOKPAIIUTH Maco-rabapuTHi @ BapTiCHI XapaKTepPHUCTH-
ku cucremu. Masopo3mipui BIIJTA MaioTh eKCTpeMab-
HO HM3bKI 3HAYEHHS e(EeKTHUBHOI ITOBEPXHI DPO3CIIOBAHHI.
36iabnienns gaabLHOCTI BusiBjieHHs Majiopo3mipaux BILJTA
FMCW pazgapom Moxke Gy TH JOCATHYTO TIJISXOM 3HUKEHHS
TOpOra BUSIBJIEHHS, IO OJHAK IIPU3BOAUTH 10 3HATHOTO
3pocraHHa WMOBIpHOCTI XMOHOI TpuBoru. [ljist mimBuiieH-
HsT eDEeKTUBHOCTI CYNPOBOKEHHST KITHBKOX IJIeH 3a IJa-
anvu FMCW pazapa npu HasgBHOCTI 3HAYHOI KIIBKOCTI
XUOHUX BiAMITOK B POOOTI po3p0bsieHo ajroputm — hijabTp
3 CyMiCHMM HMOBIDHOCHHM OTOTOXXHEHHSIM MAaHWX 3 BU-
KOpuCTaHHAM aMIuniTyaHol indopmamnii (Amplitude-Aided
Joint Probabilistic Data Association Filter, AA-JPDAF),
B IKOMY B SIKOCTi HOAATKOBOI iHdOpMarii 3amporoHOBAHO
BUKOPHCTOBYBATH BUPINIA/IbHI CTATUCTUKY (QMILITY/IHY 1H-
dopmanio) 3 BUXoay ONTHMAJILHOrO MpUAMada MEPBUHHOL
06pobkm curHasis. 1ls indopmaliis BUKOPHUCTOBYETHCS HA
eTalll OTOTOXKHEHHA BIAMITOK 3a TPAE€KTOpPIAMH Ha OCHO-
Bl MeTOy CIJIBHOTO HMOBIPHICHOTO OTOTOXKHEHHS TAHIX
(Joint Probabilistic Data Association, JPDA). Oninosamms
mapaMeTpiB pyXy Ifjeil 3a KOXKHOIO TPAEKTODi€0 Bimdy-
BAaE€ThCA 3 BUKOPHUCTAHHAM po3iuiupeHoro disbrpa Kasva-
ma (Extended Kalman Filter, EKF). Amani3 amropurmy
AA-JPDAF i iioro mopiBHSIHHS 3 BiJIOMHM aJI"OPUTMOM
JPDAF npoBemeHO ILIAXOM CTATHCTHIHOIO MO/IE/TIOBAH-
HS JUIA CIIEHAPIiB i3 IepeTHHOM TPAEKTOpIii Ta TPHUBAJIUM
napaJie IbHUM PYXOM Ilijieil Ha MaJiuX BIICTaHAX.

Karowosi caosa: FMCW panap; BIIJIA; 6araromnissose
CYIIPOBO/IZKEHHsT; XUOHI BiAMITKY; CIijbHE HMOBIPHICHE 0TO-
ToxXHeHHs Janux; iiprp Kasivana; anmocrepiopua dMoBip-
HICTB; BUpIIIAJbHA CTATUCTUKA; BIIHOIIEHHS] CUTHAJI/ IIyM;
3pUB CYIIPOBOXKEHHS
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