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A design of a high-resolution frequency modulated continuous
wave radar for drone detection based on spurious phase noise
and discrete clutter reduction
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The authors deal with the problem of the design and manufacture of a high-resolution
FMCW radar for drone detection and classification. The difficulties of the problem are
discrete clutter reduction and spurious phase noise mitigation. The discrete clutter is due
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to the reflected signals from land vehicles, birds etc., while the spurious phase noise is
Correspondence inherent in the radar signal due to the phase-locked loop component and leakage between
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the transmitting and receiving paths. Both spurious phase noise and clutter will increase
the system noise level and hence reduce the probability of detection of small targets such
as drones and induce false alarms on the radar screen. In order to reduce discrete clutter,
the authors propose a method to separate a drone from discrete clutter based on the
design of the radar system parameters for a drone and its propeller detection, target's
Doppler dispersion and moving characteristics. For spur mitigation, a method that fo-
cuses on the design of the isolation coefficient between transmitting and receiving paths
to decrease the power of spurs below the minimum power requirement at the input of the
analogue-to-digital converter is introduced. The results were applied by the authors to the
development and manufacture of a radar with the given specifications for drone detection
and classification. Different laboratory and field tests show that the spurs are mitigated
and the drones are separated from discrete clutter with a range and accuracy better than
the one recently published.

KEYWORDS
phase noise, radar clutter, radar signal processing, radar target recognition

1 | INTRODUCTION

spurs and clutter will increase the system noise level and hence
reduce the probability of detection of small targets such as

A radar is a complicated system that uses radio waves to detect drones and induce false alarms on the radar screen, which

objects (targets). In the radar signal echoes, beside the signals
from considered objects, there are signals from unwanted
objects and system noises. For example, for a drone detection
frequency modulated continuous wave (FMCW) radar with a
high range resolution ([1] ch9), the unwanted objects are land
(or surface) clutter (grasses, trees and ground), volume clutter
(precipitation and chaff) and discrete (or point) clutter (birds,
insects, land vehicles, wind turbines, buildings and water tanks),
while the major term of system noise is spurious phase noise
due to leakage between transmitting and receiving paths. Both

degrade the system's performance. Figure 1 shows the false
alarms from discrete clutter such as cars and motorbikes on a
drone detection radar. Therefore, it is necessary to study both
the methods of system parameter design and signal processing
algorithms in order to mitigate spurs and discrete clutter for
drone detection and false alarm reduction.

For the problem of reducing clutter from unwanted ob-
jects, the two most popular methods are moving target indi-
cation (MTI) and moving target detection (MTD). The MTI
was first discussed by Ridenour [2] and Grisetti et al. [3], and it
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FIGURE 1 Ilustration of false alarms from discrete clutter (cars and
motorbikes in the red ellipses) on a high-resolution FMCW radar.

contains a delay line and a subtraction circuit that takes the
difference between consecutive pulses. For a moving target, the
Doppler shift of the cartier frequency will change the phase of
the received pulse, whereas a ground or building echo will leave
it essentially unchanged. Thus, the clutter will be cancelled in
the output pulse.

The subsequent studies are extended to the cases of digital
MTI [4] and MTT with staggered pulse repetition frequency [5,
6]. However, there are many causes, such as small movements
of trees on the ground and the rotation of the radar antenna,
that lead to the inefficiency of the MTI.

The MTD is a newer approach for the detection of moving
targets than the MTI [7, 8]. One of the main blocks of the
MTD system is the ‘Doppler Filter Bank’, which separates
objects into different velocity levels (or, equivalently, different
Doppler banks) in order to reduce clutter ([7] lecture 8).

The use of MTI and MTD is inefficient for separating
drones from discrete clutter because of the similarity of their
main Doppler features. Therefore, there is a need to explore
new methods and features to avoid this difficulty. Among a
large number of works concerning radar discrete clutter sup-
pression or drone separation from discrete clutter, let us recall
the work of Martin and Shapiro [9] with a method for
discrimination of birds and insects for high-resolution weather
radars using a combination of estimated radar cross section
and density of targets, the work of Zaugg et al. [10] studied the
problem of automatic identification of bird targets from insects
and ground clutter for radars using wing flapping patterns and
support vector classifiers, the work of He et al. [11] investi-
gated the problem of wind farm discrete clutter suppression
for air surveillance radar based on a clutter map and a gen-
eralising algorithm of the K-means clustering process, the
work of Jatau et al. [12] for detecting birds and insects in the
atmosphere using machine learning on patterns of bird and
insect echoes based on dual polarisation variables and the study
of Liu et al. [13] concerned the problem of drone separation
from discrete clutter (birds) using motion characteristics. The
reduction methods for another type of discrete clutter reflected
from buildings were studied in refs [14-17].

Recently, the radar micro-Doppler signature of drones was
studied by Chen et al. [18-20] and presented itself as a new
feature to separate drones from discrete clutter [21, 22]. The

micro-Doppler shift of a drone is high enough due to the high
rotation rate of its blades. Consequently, in order to detect such
a high frequency, the radar pulse repetition interval (PRI) is
very short, which leads to demands for radar hardware and
processors. So, in practice, a continuous wave (CW) radar is
usually used to extract the micro-Doppler information [23-28].
However, the CW radar cannot determine the target range, and
hence it is rarely used for surveillance purposes. Although the
extraction method of the micro-Doppler signature in an
FMCW radar was presented in refs [29, 30], the periodicity in
the spectrogram is not clearly visible. Other methods for
detecting micro-Doppler signals from drones by using radar
systems with different dwell times and multistatic radar can be
found in refs [31-34]. All the methods mentioned above
require detection of signals reflected from drone propellers.
Howevert, to the best of our knowledge, there has not been a
study concerning the design of radar system parameters for
drone propeller detection. Moreover, the use of micro-
Doppler signatures for drone separation from discrete clutter
has some drawbacks in practice, such as the unclear observa-
tion of micro-Doppler signatures in the spectrogram image
due to noise and the increased computational requirement due
to image processing and deep learning for classification [22].

The second problem studied in the present paper is
spurious phase noise mitigation. Phase noise in a radar [35, 30]
is the noise due to the phase fluctuations of a signal. These
fluctuations manifest themselves as a noise spectrum spreading
out on either side of the signal. As a result, the noise floor level
is increased and the dynamic range of the receiver system is
decreased, which might cause false targets on the radar screen
and miss detection of small targets such as drones. Among the
components of phase noise in an FMCW radar using separate
transmitting and receiving antennas [37], such as random noise,
harmonics, spurs due to the frequency instability of the oscil-
lator, random noise phenomena, coupling from the transmitter
to the receiver paths and the internal time delay, we focus on the
mitigation of spurious phase noise in the received signal. In
relation to this goal, Baktir et al. [38] investigated the effect of
phase noise in FMCW radars and proposed some techniques to
avoid it, such as by choosing the electronic components, using
reflected power cancellers and using delay line cancellers. Siddiq
et al. [35, 30] introduced detailed guidelines for the phase noise
modelling of various components and sub-systems, such as
phase noise in the frequency synthesiser, phase noise under
frequency translation, phase noise in the received and down-
converted signals and phase noise in the processed signals.
Melzer et al. [39] proposed two methods for online phase-noise
estimation for an FMCW radar: estimation in time domain
(EMT) and (estimation in frequency domain (EMF). Park et al.
[37] studied leakage mitigation in a heterodyne FMCW radar for
small drone detection. The equations of phase noise in the
received signal are derived. Then the authors proposed the sta-
tionary point concentration technique that alleviates the impact
of the phase noise by using the exact IF beat frequency and IF
constant phase of the leakage for the least LO, and hence, the
term rising the noise floor is removed. Other techniques for
phase noise mitigation can be found in refs [40, 41].
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Problems of discrete clutter reduction and spurious phase
noise mitigation are related to each other. A radar design with
given parameters will affect the capability of the system, such
as the detection range, the Doppler properties of detected
targets, false alarms due to noise etc. Therefore, they need to
be considered in a general framework from the point of view
of a complete system.

In the present paper, by extending the results introduced in
ref. [42], we propose a framework with detailed descriptions
from both theoretical and practical points of view for radar
drone detection based on discrete clutter reduction and
spurious phase noise mitigation. The paper is organised in the
following way: In the next section, we introduce the theoretical
framework to design radar system parameters for a drone and
its propeller detection. Section 3 gives a detail description of
how to apply theoretical results to design an FMCW radar for
drone detection and separation from discrete clutter. The test
results are presented in Section 4. The last section deals with
the conclusion and future work.

2 | THEORETICAL FRAMEWORK

2.1 | Designing system parameters for a
drone and its propeller detection

As mentioned above, the Doppler properties, such as Doppler
components and micro-Doppler, are the main features for the
classification of drones and discrete clutter. Beside the main
Doppler, the drone propellers induce other Doppler compo-
nents that are different from those of discrete clutter. To use
this difference, we need to design the transmitting power and
antenna gain of a radar such that it can detect a drone and its
propellers from the required range.

According to ref. ([43] p. 10), the maximum detectable
range of an FMCW radar is given by the following equation:

. PIGXo M
™ (47) R TyNF(SNR)L’

where, T is the sweep time and L = L,L,L.L,,, is the total
loss, which consists of transmitting line loss L,, receiving line
loss L,, signal processing loss L,, which includes beam-shape
loss and digital processing loss, and loss due to atmospheric
attenuation L,,,;; SNR denotes the required signal-to-noise
ratio at a pulse level for target detection. From Equation (1)
we obtain the relationship between the transmitting power P,
and antenna gain G for an FMCW radar to detect a tatget with
RCS = o using the expressed below:

(47)’kT)NF(SNR)LR*

Pz(G) = TGZJZU T (2)

Equation (2) will be used in Section 3 for designing the
radar system parameters in order to detect a drone and its
propellers.

2.2 | Designing system parameters for
spurious phase noise mitigation

The signal processing scheme for the FMCW radar is given in
Figure 2. The number of (fast Fourier transform (FFT) points
in the ‘RangeFFT processot’, the number of pulses for
coherent integration in the ‘MTD processor’ and the constant
false alarm rate (CFAR) threshold in the ‘Detector processor’
will be used for calculation below.

The thermal noise density Ny (dBm/Hz) is given by the
following equation:

N, =10 X log(kTy) + 30. (3)

The signal-to-noise ratio of an Np;; ADC (analog-to-digital
converter) over the full Nyquist bandwidth (from DC to f;/2,
where f; [Msps] denotes the ADC sampling rate) is given by the
following equation:

SNRpyq = 6.02 X Ny, 4 1.76. (4)

In the case of a smaller bandwidth B < f;/2, the SNR of
the ADC is estimated by the following equation:

SNR 4 pc = SNRNyq + 10 x log(}[s/ZB). (5)

The noise floor density NSD 4pcrs (dBm/Hz) of an ADC
for full-scale power input is given by the following equation:

NSDpcrs = (Prs — 1) = SNR4pc, (6)

whete Prg (dBm) is the ADC's full-scale powet input.
The gain of the receiver system (from the low-noise
amplifier to the ADC) is determined by the following equation:

Grx = NSDapcrs — Ny = NF + SNR + Goy,  (7)

where, NF and SNR denote the noise figure and signal-to-
noise ratio, and G, = [—ap, ayp] denotes the range of
gains for control. It is required as the minimum SNR is 3.0 dB,
such that the signal can be seen in spectrum analysis.
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FIGURE 2 The signal processing scheme for an FMCW radar.
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. . L~ . TABLE 1 Radar requirements.
For a given receiver system gain Gpry, the thermal noise
density NSD4pc at the input of the ADC is calculated by the Parameter Unit Value
fOHOWing equation: Instrumented range R, km 12
-~ Range resolution AR m 1.5
NSD4pc = N, + Grx + NF. (8)
Azimuth resolution Af Degree 1.2
The thermal noise density NSD,grr after range FFT pro- Frequency GHz 89+95
cessing is given by the following equation: Drone detection:
f +RCS ~ —20 dBsm km >33
S
NSD,prr = NSDapc + 10 X log <N ) ’ (9) Drone classification:
rFFT
+RCS of propellers ~ =36 dBsm km >1.65
where, NVF.Fy.- is the number of range FFT points. o UAV dectection:
The minimum requited power Pypc at the ADC's input
for detection can be estimated by the following equation: +RCS ~ -6 dBsm km 280
Scan rate fi, Hz 0.1

Papc = NSD,grr + SNRyin — 10 x log(N,) + Ly, (10)

whete SNR,., is the minimum signal-to-noise ratio at the
input of the CFAR detector for a desired probability of target
detection and false alarm rate, Np is the number of pulses for
integration in the Doppler processing and L, denotes the total
loss of the signal processing,

If Iso4,, is the antenna isolation improvement, then in
order to mitigate spurs, the power of spurs Py, at the input of
the transmitting antenna needs to be satisfied by the following
equation:

Is04nt > Popys + Grx — Papc. (11)

Section 3 will show how to use the relationships (2) and (11)
to design a radar system for a drone and its propeller detection
and spur mitigation. The new signatures of drones, including
propeller and moving signatures, and classification algorithms
are then proposed for drone separation from discrete clutter.

3 | PRACTICAL FRAMEWORK

3.1 | Designing radar system parameters
Assume that we need to design an FMCW radar with a 360-
degree azimuth scan and the following requirements (Table 1).
Note that the ranges for drone detection and classification
follow from the battle request as well as the comparison with
Robin's radar system ‘Elvira’, which detects and classifies a
drone of 3.0 kg weight from 3.0 to 1.1 km, respectively [44].
With the recent software upgrade Robin's radar system ‘Elvira’
has been able to classify a drone up to 1.5 km [45]. The value of
—36 dBsm RCS of propellers comes from ref. [46].

For a drone and its propeller detection, the radar system
parameters, including the bandwidth of the transmitted signal,
the sweep time, the maximum beat frequency and the power of
the transmission, are calculated in Steps 1-3. For spur miti-
gation, the isolation coefficient between transmitting and
receiving antennas is calculated in Step 4. The test results show

that the radar satisfies the requirements of the drone and its
propeller detection and spur mitigation.
Step 1. The bandwidth of the transmitted signal is

¢ 3x10°

BW =——=
2AR 2x 1.5

=100 MHz.

As stated in ref. ([43] p. 53), the sweep time T needs to be
satisfied by the following equation:

2 X Ruas 2 x 12 x 10
><4:5X7:400MS.
c 3 x 108

25
Step 2. Let T; = 2048 ps and AT = 252 ps be the sweep
time and configuration time for the next sweep period. The
reason for choosing T, = 2048 us is due to the trade-off be-
tween the maximum beat frequency and the number of pulses
for Doppler processing. With T and AT above, the maximum
beat frequency fp,.x and the number of pulses N, for Doppler
processing are given as below:

BW 2R,
fbmax = TS X c
100 x 10° 2 x 12 x 103
= X ~ 3.9MHz,
2048 x 106 3 x 108
Ap 1.2

_ fsean X360 0.1 % 360 ~14
P T 4+ AT 2300 x 106 :

Step 3. The radar transceiver system is homodyne
(Figure 3), and its parameters are measured in the laboratory
and given in Table 2.

To calculate the transmitting power, we use the following
values: The standard noise temperature 7o = 290 K ([43] p. 9),
the signal processing loss L, = 8.6 dB includes 1.6 dB of beam-
shape loss ([1] p. 146), 3.0 dB of range straddle loss, 3.0 dB of
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FIGURE 3 The design of the radar transceiver system.

TABLE 2 Radar transceiver system parameters.

Parameter Unit Value
Frequency MHz 8991

Receiver's noise figure NF dB 3.0
Transmitting line loss L, dB 1.0
Receiving line loss L, dB 1.0

Doppler straddle loss and 1.0 dB of CFAR loss ([47] pp. 55—
56), the two-way atmospheric attenuation L, & k,R dB,
where k, is the two-way attenuation coefficient in dB/km, and
R is the detection range. For the climate in Vietnam, the
average humidity is 30 g/m’, and the coefficient k, ~ .04 dB/
km corresponds to the frequency of 8991 MHz. The value
ky ~ 0.04 dB/km comes from ([1] ch. 7), the signal-to-noise
ratio at the CFAR detector SNR = 14 dB accotding to the
requirement at the pulse level of probability of target detection
Pp = 0.7 and probability of false alarm Py, = 107" for the
Swerling 1 model ([1] p. 122).

Applying (2) we obtain the dependence of the transmitting
power P, on antenna gain G (Figure 4) to detect a drone with
RCS =~ —20 dBsm from a range of 3.3 km (the black curve
P.DroneDerect), detect drone propellers with RCS & —36 dBsm
from a range of 1.65 km (the blue curve Pip,opelterDetec) and
detect an UAV with RCS & —6 dBsm from a range of 8.0 km
(the magenta curve P,y VDetect)- These curves show that for a
given value of antenna gain G, the minimum transmitting
power P, for detection requirements in Table 1 is given by the
following equation:

P,=max {P tDroneDetect (G> P tPropellerDetect (G> )

PtUAVDetect(a> } (12)

For a chosen antenna topology in Step 4, we can simulate
the antenna radiation pattern and its gain (Figure 5).

The antenna gain by simulation without a radome is
31.3 dBi (Figure 5). Therefore, it will be approximately 30.3 dBi
when measured with a radome after manufacturing. According
to Equation (12) and Figure 4, the minimum transmitting power
at the output of a high-power amplifier (HPA) is P, = 5 W.

Step 4. In this step, we calculate the required isolation
coefficient between transmitting and receiving antennas for
spur mitigation. Since the maximum beat frequency fl;max is

19 303

8
PtDroneDetect 6|
[=:=2=]
P‘Propellel‘Detect ! 5
a4
PtUAVDetect 4
i

2

0

25 27 29 31 33 35

FIGURE 4 Dependence of P, (W) on G (dB) for detection
requirements.
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FIGURE 5 Antenna radiation pattern on the horizontal plane.

TABLE 3 Parameters of ADC LTC2386-16.

Parameter Unit Value
Maximum sampling rate ﬁmﬂx Msps 10
Resolution bit 16
Input full scale Vop 8.192
Input tesistance R;, Q 50

3.9 MHz, to satisfy Nyquist's theotem, we use the ADC
LTC2386-16 with the features given in Table 3.
The full-scale power is evaluated by the following equation:

Prasce =10  log((V2,) /(8Rsn) ) + 30 ~ 22dBm.

Let the sampling rate be f; = 8.0 MHz. Then the number
N, gpr of sample points in the ‘RangeFFT processot” (Figure 2)
is given by the following equation:

Nrr = fo x T, = 8 x 10° x 2048 x 107° ~ 2" = 16384.

Applying (3-11) with B = f,/N,grr, Gor = [—10dB, 10dB],
we obtain Ny = —174 dBm/Hz and the following equation:
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SNR Ny, = 16 X 6.02 4 1.76 = 98.08 dB,
SNRpc = 98.08 + 10 x log(16384/2) ~ 137 dB,
NSDupcrs = (22 — 1) — 137 = =116 dBm/Hz,
Grx = =116 + 174 = 3 + 3 + [-10, 10]
~ [47 dB, 67 dB].

Set Gry = 50 dB, then,

NSDypc = =174 + 50 + 3 = —121 dBm/Hz,
NSD,grr = =121 410 x log((8 x 10°) /16384)
~ —94 dBm/Hz,
Pipc = =94 + 14 — 10 x log(14) + 8.6 ~ —91.2 dBm.

As shown in Figure 3, we use a DDS (direct digital syn-
thesis) to create an IF signal of frequency 951 MHz and a PLL
(phase-locked loop) to create a signal of frequency 8040 MHz
for mixing with the IF signal. As a result, we obtain the signal
at 8991 MHz. The PLL induces spurs with frequencies of the
form (8040 + 7 x 1) MHz and (8040 + n x 0.7) MHz, where
n =1, 2,3, --- and hence, in the transmitting signal, there are
spurs of the form (8991 + n x 1) MHz and (8991 + 7z x 0.7)
MHz.

Let the transmitting power be 5 W], and measure the output
power of the transmitting signal at the output of the HPA.
There are two visible spurs at frequencies of 8992.4 and
8993 MHz with powers of —068.93 and —58.95 sdBm,
respectively. From Equation (11) we obtain the following
requitement of antenna isolation coefficient 50 4,, for the spur
mitigation:

ISOAnt > Ppba:enoise + GRX - PADC
Is04,; > —58.95 dBm + 50 dB + 91.2 dBm ~ 82.25 dB.

In many applications, the microstrip antenna is used due to
its easy fabrication, low manufacturing cost, light weight and
ability to be mounted with other integrated circuits on the
same printed circuit board. Howevert, the isolation coefficient
of microstrip antennas is less than 80 dB [48]. To satisfy the
above requirement of the isolation coefficient between TX and
RX antennas, we use a slotted waveguide array antenna with
flares (Figure 6). This type of antenna design was used in ref.
[49] to reduce the vertical beamwidth and the cross-
polarisation level and in ref. [50] to achieve an ultralow side
lobe level.

FIGURE 6 The manufactured antenna with flares (in the red
rectangles).

The measure of the isolation coefficient is given in Figure 7.

It is clear that the isolation coefficient between TX and RX
antennas is greater than 85 dB at all frequencies from 8900 to
9500 MHz (Figure 7). Therefore, the spurs are mitigated.

The radar with the parameters designed in Steps 1-4 is
manufactured. It detects almost continuously the DJI Phantom
4 from a distance of 3.5 km (Figure 8).

3.2 | New features for drone separation from
discrete clutter

To separate drones from discrete clutter, we propose new
features such as the target's Doppler dispersion level and
moving characteristics. These features are easily estimated, do
not require a short PRI to extract micro-Doppler and do not
require a deep learning model for classification. Hence, they
avoid the drawbacks of the use of micro-Doppler signatures in
real-world applications.

321 | Doppler dispersion level

At each radar scan, a target will be detected as a group of hits.
Each hit characterises an echo pulse from a part of the target

et 531 B Mag 5 dB/ Ref 95 d8 Cal 1
M1 8.900000 GHz -104.9913 dB.
M2 9200000 GHz -87.7632 dB.
M3 9.500000 GHz 83,1939 dB
00000 GHz 83,1939 4B

MM\AMW\M W
i

Ch Start 8.8GHz Pwr 25 dBm Bw 10kHz Stop 9.6 GHz

FIGURE 7 'The measured result of the isolation coefficient between
TX and RX antennas.
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FIGURE 8 Detection of the DJI Phantom 4 by the radar (in the red
ellipse).
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and has its own Doppler. By counting the hits with the same
Doppler and displaying the results in consecutive scans, we
obtain the target's Doppler characteristic image (Figutre 9). The
target's Doppler dispersjon level is defined by a vector (sample)
of the form (Afp, Oaf |» where

@:mmn{Afm,Asz,...,AfDM} (13)

O'AfDZStd{Afpl,Afpz,...,AfDM} (14)

Afp is the spread of Doppler banks of the target's hits at 7 — th
scan, and M is number of scans (in this study we use M = 5).

In the range of up to 1.7 km where the radar can detect
drone propellers, we collect a dataset of 20,000 samples from
radar targets (half of them from the drones Inspire 2, Phantom
4, and Mavic 2 Pro). Analysing the dataset, we obtain the
following statistics about the target's Doppler dispersion levels
(Figure 10).

The Doppler dispersion level of drones is statistically
different from that of discrete clutter. Therefore, it is satisfied
with drone separation from discrete clutter.

- 40

Doppler band
02 4 6 81012 14

14

Doppler band

FIGURE 9 Doppler characteristic images of different types of targets.
(a) Heatmap of the Doppler characteristic of a car in 40 consecutive radar
scans. (b) Heatmap of the Doppler characteristic of a motorbike in 40
consecutive radar scans. (¢) Heatmap of the Doppler characteristic of the
drone DJI Inspire 2 in 40 consecutive radar scans. (d) Heatmap of the
Doppler characteristic of the drone DJI Phantom 4 in 40 consecutive radar
scans.
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FIGURE 10 Distributions OFA_fD (on the left) and 6,7, (on the right)

for drones and discrete clutter.

3.2.2 | Moving characteristic feature

The target's Doppler dispersion feature is not enough to
reduce the discrete clutter because of its dependence on the
range from the radar to the targets. For a small drone moving
far from the radar, its Doppler dispetsion level is the same as
discrete clutter. Therefore, in this section, we introduce a
method to create a street map that is used to extract the target's
moving characteristics for discrete clutter reduction.

To create a street map, we need the well-known following
converting formula. For a point A with range d (m) and azi-
muth a (rad), its latitude and longitude are defined as

d X bs x sin a

long = l07,00: + T (15)
cos “Haa XX
laty = lat,,e +d X bs x cos a, (16)

where, (lat,p01 07,00, is the latitude and longitude of the radar
position and

360

= R=06378.137 (° )
27 x R x 1000’ C/m)

S

For a point A(laty, lony), its coordinates (x4, y4) in the
Cartesian coordinate system are

X4 = <W> /scale, (17)
Y4 = (—lonmtbs_ 10”A> /scale, (18)

where scale (pixel/m) is a given parameter.

The radar range resolution is 1.5 m (Table 1), hence we can
use the value scale = 1.5/v/2~ 1 (pixel/m), that is, the street
map has a resolution of 1.0 m in the Cartesian coordinate system.

The process of creating a street map is as follows:

Step 1. From the website www.openstreetmap.org, load the
street data where the radar is set up. The street data contains a list
of elements (or equivalent streets). Each element (or street) is
constructed by connecting adjacent nodes (or points) togethet.

The area of the street data is determined by a square shape
with length 2R, (m) and centre in the radar position, whete
R oy is the radar instrumented range.

Step 2. Using formulas (15) and (16), calculate the latitude
and longitude of Point A (top left corner of the square shape).

Step 3. For each street in the loaded data, convert the
coordinates of all nodes into Cartesian coordinates using for-
mulas (17) and (18), where the latitude and longitude of Point
A are given as (latror, 107100 )-

Step 4. Connect consecutive nodes of a street and inter-
polate values (coordinates) for other points in the street (ac-
cording to the resolution of 1.0 m of the street map). Repeat
for all other streets. We obtain the street map with (approxi-
mately) the same slant range resolution as the radar (Figure 11).
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For analysing the moving characteristics of radar discrete
clutter with respect to the street map, we collected 10,676
distance (to the nearest street on the street map) samples and
9311 moving direction (to the nearest street on the street map)
samples from 380 radar discrete clutter (cars, motorbikes). The
statistical results show that most discrete clutter has a distance
and moving direction (to the nearest street on the street map)
of less than 30 m and 30°, respectively (Figure 12). These
characteristics will be used in the following to separate drones
from discrete clutter.

Algorithms for drone detection and discrete clutter
reduction
Now, we propose a system design and algorithms for the
module drone detection and discrete clutter reduction
(DDDCR) on the radar. The principle of the module is
included in the classification of discrete clutter and drones. The
design of the module is represented in Figure 13.

The data flow is as follows:

Step 1. From the ‘Core’ of the radar data processing, the
target's data (such as ranges, azimuths, moving directions and
Doppler features) are transferred into the ‘Random Forest

FIGURE 11 A created street map (red colour) is displayed on the
radar screen.
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0 20 40 60 80 0 20 40 60 80
Angle (degree) Distance (m)

FIGURE 12 Statistical results on the moving characteristics of radar
discrete clutter.

Model’ and ‘Street Model’ via the ‘Server’ and ‘Cache data’ of
the module DDDCR.

Step 2. Each of the models ‘Random Forest Model” and
‘Street Model’ will predict the targets as ‘drone’, ‘discrete
clutter’ or ‘undefined’ and send the label with confidence
scores (probabilities of classification) back to the “Top Model’.

Step 3. At the “Top Model’, a decision for each target is
confirmed, and the results are returned to the ‘Core’ of radar
data processing to display on the radar screen.

The Random Forest Model’ is created by training 20 trees
with the target's Doppler dispersion levels of 20,000 samples,
10,000 samples of drones and 10,000 samples of discrete
clutter. The maximum depth value of each decision tree in the
model is set to 5 to avoid overfitting, For a target at each radar
scan, the ‘Random Forest Model” will classify it as ‘drone’ or
‘discrete cluttet’.

The algorithms for ‘Street Model’ and “Top Model’ are
described in Table 4 and Table 5, respectively.

4 | TEST RESULTS

The module DDDCR was integrated into the radar system and
tested with different drones in different moving scenarios
(such as radial flight and tangent flight). For performance
evaluation, we use the metrics True Rate of Clutter Reduction
(TRCR), True Rate of Drone Classification (TRDC) and
Maximum Range for Drone Classification (MRDC):

TRCR — number of true clutter classified (19)

number of discrete clutter

TRDC — number of true drones classiﬁed. (20)

number of all drones

The results are given in Table 7 and Figures 14-16. For
comparison, Table 8 shows the results of our study and those
of Robin's radar system ‘Elvira’ [44, 45].

Cache Random
< data O Forest Model Strest Model
Target’s data )
Target’s
predicted labels
Server Top Model
Target’s data Target’s
Control confirmed
Monitoring label
CORE

FIGURE 13 System design of the module DDDCR.
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TABLE 4 Algorithm 1 (street model).

Input: Target's data from the ‘core’ module of radar data processing and the parameter values given in Table 6.

Output: Target's label (‘drone’ or ‘undefined’).

1: Convert the radar tatget's ranges and azimuths to latitude and longitude coordinates using the formulas (15) and (16). Then, obtain the target's

positions on the street map using formulas (17) and (18) with the root at point A (top left corner of the map).

2: Open a square gate with the centre at the target's position and a radius of 7 on the street map. If there is a node (point) in the gate that belongs to a
street, then the target's current position is considered ‘near the street’.

3: Repeat Step 2 for N consecutive radar scans. If there are at least M scans at which the target's position is ‘near the street’ and

M > N X nearStreetRate,

then the target is called ‘near the street’.

4: For a ‘near the street’ target, consider N last radar scans (n — N+ 1,7 — N + 2, ..., n) where 7 is the current radar scan. A window with length
k(k < N) is used to calculate the angles {angle;,angle,, ...,anglen_p.,} between the target's moving direction and the nearest street. If

median{angle|,angle,, ...,anglex_p, 1}

then the target is confirmed as ‘moving along the street’.

<angleMax,

5: If a target is moving along the street, it is classified as ‘undefined’, otherwise as ‘drone’.

TABLE 5 Algorithm 2 (top model).

Input: Target's labels from sub-modules ‘random forest model’ (for short: REM) and ‘street model’ (for short: StM), active ranges of models (1.7 km for

random forest model and 12 km for street model).

Output: Target's confirmed label (‘drone’, ‘discrete clutter’, or ‘undefined’).

1: If REM is inactive, that is, the target's range is greater than 1.7 km, then StM is used:
a. If the current output of StM is ‘drone’, then use MN logic (in this study, M = 6, N = 10) to confirm the target as ‘drone’ or ‘undefined’;
b. If the current output of StM is ‘undefined’, then confirm the target as ‘undefined’.

2: If REM is active, that is, the target's range is less than 1.7 km, then use MN logic (M = 6, N = 10) to confirm the target as ‘drone’ or ‘discrete

clutter’.

TABLE 6 Parameter values for algorithm 1.

TABLE 7 'Test results.

Parameter Unit ¢ Value Parameter Unit Value
7 (radius of the square gate) m 30 TRCR - 0.97
N (number of consecutive scans) Scan 15 TRDC - 1.0
nearStreetRate - 0.5 MRDC for drones moving across the streets km 3.5

k (window size) Scan 5 MRDC for drones moving along the streets km 1.7
angleMax Degree 30

5 | CONCLUSION AND FUTURE
WORKS

The paper presented a design of a high-resolution FMCW
radar for drone detection based on the new approaches of
spurious phase noise mitigation and discrete clutter reduction.
Both theoretical and practical frameworks are proposed to-
watds this goal.

Spurs are inherent in the radar signal and can be mitigated
by the use of the stationary point concentration technique,

which was recently introduced [37]. In the present paper, the
spurs are mitigated by the use of an antenna design with the
required isolation coefficient. It is shown that the slotted
waveguide array antenna with flares achieves a high side lobe
level and isolation.

To reduce discrete clutter, the radar system design is pro-
posed for drone propeller detection, and then the Doppler
dispersion feature is introduced. This feature is easier to esti-
mate than the micro-Doppler feature and is more efficient at
separating drones from discrete clutter such as vehicles and
birds. In the case when a drone is far from the radar, the
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FIGURE 14 ‘Discrete clutter’ and ‘Drone’ on the radar screen.
Classification of a drone (in the red ellipse) from 3.5 km by using the ‘Street
Model’.

FIGURE 15 Classification of a tangential drone (in the red ellipse) at a
range of 2.9 km.

# 0ooonEooE

FIGURE 16 Classification of a drone moving along the street (in the
red ellipse) from a range of 1.7 km using the Doppler diversion feature.

TABLE 8 Comparison with Robin's radar system ‘Elvira’.

Parameter Elvira radar Proposed radar
TRCR - 0.97

TRDC - 1.0

MRDC 1.5 km 3.5 km

reflected power from drone propellers is lower than the mini-
mum requited power at the ADC's input for detection, and
hence, the Doppler dispersion level of the drone is the same
with the discrete clutter. To overcome this problem, a street
map is created and used to study the target's moving
characteristics.

By combining the target's Doppler dispersion feature and
moving characteristics, 97% of the discrete clutter was rejected,
while 100% of the drones were exactly recognised. This result is
better than in recent publications [22, 44, 45]. In future work, we
will extend the study to recognise more different types of targets,
such as drones, helicopters and UAVs, from discrete clutter.
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and Telecommunications, VNU University of Engineering and Technology, Hanoi, Vietnam

This study deals with the problem of enhancing aerial target detection for 3D
radar. A novel approach which incorporates both signal and data processing is
introduced. In order to increase the target’s SNR (signal-to-noise ratio), two
consecutive transmit beams are used; for each, three beams are received
simultaneously. All received beams are then processed. A two-stage constant
false alarm rate (CFAR) algorithm is proposed for improving target detection. At
the first-stage CFAR, the global CA-CFAR is applied to identify all possible target
candidates (plots). Then, unsupervised machine learning is used to separate
interference regions. For each interference region, the truncated probability
density function of interference is estimated, and then a local CFAR (second-
stage CFAR) is applied to reduce false plots while retaining target plots. The
proposed approach is an extension of that given in recent publications. Tests on a
3D surveillance radar show the effectiveness of the proposed approach on aerial
target detection in comparison with previous methods.

radar target detection, radar signal processing, constant false alarm rate, DBSCAN,
clutter distribution estimation

1 Introduction

The major role of a radar system is target detection by transmitting signals and
processing the reflected signals from targets. A constant false alarm rate (CFAR) algorithm
is used to decide the presence or absence of a target in a cell under test (CUT). One of the
most popular CFAR algorithms is cell-averaging CFAR (CA-CFAR). CA-CFAR works well
for target detection in the case of target isolation (i.e., targets are separated by at least the
reference window size) and a homogeneous Gaussian environment (ie., samples in
reference cells are independent and identically distributed, and the distribution is
Gaussian, like the distribution of interference in CUT) (Richard, 2005). However, in
real-world scenarios, the environment is often complex (non-homogeneous) due to clutter
(such as echo from surfaces, trees, meteorology, and terrain) and target masking (i.e., targets
in reference cells reflect higher powers than the target in CUT). This leads to an increase in
the false alarm rate and degrades the performance of CA-CFAR.

To mitigate the masking effect, smallest-of cell-averaging CFAR (SOCA-CFAR) and
greatest-of cell-averaging CFAR (GOCA-CFAR) have been investigated (Hansen, 1973;
Weiss, 1982). Unlike CA-CFAR, which evaluates the threshold using all reference cells,
GOCA-CFAR and SOCA-CFAR only estimate the threshold using half the reference cells.
They therefore need to use more reference cells than CA-CFAR.
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Ordered-statistic CFAR (OS-CFAR) (Rohling, 1983) is another
approach to improve classical CA-CFAR against the target masking
problem. The data (reflected signal) from reference cells are
arranged in an ascending sequence. Then, the k-element of the
sequence is selected as the noise level. Blake (1988) has shown that
the losses of OS-CFAR are lower than those of CA-CFAR.

Subsequent studies have extended CFAR in various directions,
such as CFAR with different clutter distributions, with additional
statistical tests, or with machine learning to recognize the
homogeneity of the environment in reference cells. Among a
larger number of works, we review some.

For CFAR with different clutter distributions, Rifkin (1994) and
Baadeche and Soltani (2015) are relevant with CFAR thresholding in
Weibull clutter, and Xu et al. (2015) and Zhou et al. (2018) refer to
CFAR with K and gamma distributions, respectively.

For using CFAR with additional statistical tests, Finn (1986)
worked with CFAR under the assumption that data from the CFAR
window (including CUT) span into two different statistical regions.
Smith and Varshney (2000) investigated the combination of CA-
CFAR, GOCA-CFAR, and SOCA-CFAR based on second-order
statistics (variability index) and the ratio of mean values of the
leading and lagging reference windows. Sarma and Tufts (2001)
investigated non-parametric CFAR, introducing a threshold setting
algorithm without knowledge of the distribution of interference.
Norouzi et al. (2007) studied detection in non-coherent radar in the
case of Weibull and log-normal clutter based on goodness-of-fit tests
(Kolmogorov-Smirnov, Cramer-von Mises, and Anderson-Darling
tests). Zhou et al. (2017) proposed a novel CFAR combining the
advantages of CA-, GOCA-, and OS-CFAR using an iterative
process by sorting and amplitude-weighted averaging to estimate
background level and detection in gamma distribution clutter.
Mehanaoui et al. (2019) detected non-Gaussian background using
the Pietra index as a measure of statistical heterogeneity instead of
the variability index. Other studies in this direction are Tien et al.
(2018), Zhou et al. (2019), Subramanyan et al. (2019), Lv et al.
(2024), and Coluccia et al. (2024) and the references therein.

Machine learning and deep learning approaches have been
intensively investigated in recent years for improving radar
detection in non-homogeneous environments. Various machine
learning techniques, from simple models such as support vector
machines and neural networks to more complex models such as
recurrent neural networks, convolutional neural networks, and
YOLO, have been studied. For more details, we refer readers to
Wang et al. (2017), Lu et al. (2018), Zhang et al. (2013), Perd ock
et al. (2024), and Jiang et al. (2022).

In almost all the literature mentioned above, CFAR is studied in
combination with signal processing algorithms such as moving
target indicator (MTI) and moving target detection (MTD)
(Richard, 2005; Skolnik, 2008; Barton, 2013; Budge and German,
2015) and with the pre-defined interference distribution (for
example, Gaussian distribution for noise in the entire space
region and the Weibull distribution for ground clutter in the
near-radar region). MTI and MTD increase the signal-to-noise
ratio and hence improve the probability of detection while
reducing false alarms.

However, from a practical point of view, the interference is
unknown in both the type of distribution and where it may appear. It
may change from region to region and scan to scan. Therefore, the
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FIGURE 1
Signal noise floor rises as a result of MTI (red line) compared to its

absence (black line).

use of the classical signal processing methods (MTI, MTD, and
CFAR) with the same pre-defined interference distribution is not
suitable. In fact, the use of MTI will increase the noise floor level in
non-clutter regions (Figure 1). Moreover, the probabilities of
detection (Pg) and of a false alarm (Py,) are related (Richard,
2005). Thus, in the case of complex interference environments, the
choice of an interference level to maintain a required probability of
detection may lead to an increased false alarm rate (Figure 2).

In this study, we extend the results of Tien et al. (2018) and Li
et al. (2025) to propose a new approach for improving aerial target
detection. The suggested method focuses on a two-stage CFAR
process comprising a global CFAR in the first stage and a local
CFAR based on interference distribution estimation in the second
target
environments. This study is organized as follows: Section 2, we

stage to improve detection in non-homogeneous
give a detailed statement of the problem. The proposed approach is
presented in Section 3. The test results and comparison are given in

Section 4. Section 5 contains the conclusion and future work.

2 Statement of the problem

In radar, detecting a target is equivalent to deciding whether
“target absent” (null hypothesis, Hy) or “target present” (alternative
hypothesis, H;) is valid in the CUT (cell under test) based on
measured data. Let y be the measured data from CUT and p(y|H,)
and p(y|H;) be the probability density functions (PDFs) of y given
that a target was not present (respectively, a target was present) in
CUT. The probabilities of detection and of false alarms are thus
evaluated (Richard, 2005; Skolnik, 2008; Barton, 2013; Budge and
German, 2015):

Py = jnp (yIFL)dy, (1)
Pra= [ pOriHay, @)

where Q denotes the set of y for which hypothesis H; will be chosen.
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FIGURE 2

False alarms (in yellow circles) on a radar screen due to non-homogeneous environments.
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FIGURE 3
Diagram of the proposed approach

The Neyman-Pearson decision rule (or likelihood ratio test) is
as follows:

P(Y|Hl) SH;

P(Y|Ho) 2, A (3)

To use Equation 3, the explicit forms of p(y|H,) and p (y|Hy),
defined in Equation 1, 2, are required. Then, the threshold A will be
estimated from Py,.

In order to determine the pdfs p(y|H,) and p(y|Hy), the pre-
defined model of measured data y is given. Usually, the model of y
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used in a radar system is of the form (Richard, 2005; Skolnik, 2008;
Barton, 2013; Budge and German, 2015):

(4)
(5)

Hy:y=n,
Hi:y=s+n,
where s and n denote the reflected signal from CUT and system

noise (Gaussian noise), respectively. Another model is added with a
clutter component ¢ into the right-hand side of Equations 4, 5:

Hy:y=n+c, (6)
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Assuming that interference (noise, clutter) in the adjacent range

of cells has the same PDFs and characteristics as that in the CUT, we
; propose a general model of Equations 6, 7 for target detection:
Hp:y =1, (8)
2k
0 Hy:y=s+i, 9)
T a3t
£ where interference i(t,x) at time t and position x has the
© 4t representation
5F m
i(t,x) =) x(xA)p® (¢ x). (10)
k=1
6+
3 3 4 Here, Ay is the disjoint region (i.e, Ax N Ay = @ for k # k') at
which the PDFs of interference are p(k) (t, x), and
or |J Ax = all the surveillance space,
k=1 (11)
- x(x, A =1, if xe€A,
ok x(x, Ax) =0, otherwise. (12)
o
3t The probability density function p™® (¢, x) might be the sum of
c
& different PDFs of interference that occur in the CUT:
_4 -
n(k)
st PPt =Y a;(k)p®) (t,x), a;(k) e R. (13)
j=1
6+
5 5 . Models Equations 8-13 mean that the reflected signal from a
Ele - Deg position x at time t could be the sum of signals reflected from targets
and from various types of interference with different distributions
FIGURE 4 _ . ) (k;) . .
Example of two transmitted beams (up) and six received beams p"’ and weights «; (k). Therefore, the CFAR with the predefined
(bottom) at the output of digital beamforming in DSP-B. interference distribution mentioned in Section 1 degrades its
performance in this situation.
In the next section, we propose a new approach to solve the
Hyiy=s+n+c @) detection problem Equations 8-13. The main ideas of the proposed

approach are:

where clutter ¢ follows the predefined distribution such as Weibull,

K, or gamma.

a. multiple beams processing for maximizing SNR;

TABLE 1 Algorithm 1 (processing in DSP-C and DP-C).

Main steps Pseudo code

Input Received beams after digital beamforming, global probability of false alarms Py, for global CFAR (first stage), and local probability of false
alarms py, for local CFAR (second stage); the set of interference regions = empty (initial condition)

Output Target’s plots and trajectories, interference regions, and their distributions

1 Take pulse compression for all received pulses corresponding to received beams

2 Integration using MTI and MTD

3 Detect possible target candidates using CA-CFAR (first-stage CFAR) with the global probability of false alarms Py,

4 Select the beam with maximum SNR at CUT and transfer detected target candidates (plots) to DP-C

5 Process plots into two parallel streams for interference clustering and target tracking. The interference regions determined from interference
clustering will be added to the set of interference regions

6 If the set of interference regions is non-empty, then approximate the interference PDF for each region (algorithm 2) in the set of interference
regions. The interference PDFs are then used for the second-stage CFAR (step 7)

7 If the set of interference regions is non-empty, then for each interference region Ay and its PDF p(® (¢, x), evaluate the second threshold A,

Frontiers in Signal Processing

using local probability of false alarms pq: Ak = F' (1= pra,) (15) where Fy is the cumulative distribution function corresponding to the
interference PDF p®). Then remove all plots in Ax with powers less than Ay
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TABLE 2 Algorithm 2 (interference probability density function estimation).

Main steps Pseudo code

10.3389/frsip.2025.1688944

Input The order n of approximation polynomial and data { yi(k)}ii
Output Approximation polynomials using moments and Bernstein’s methods
1 Take the truncated histogram for data { yi(k)}l,wk
i=1
2 Determine the Bernstein’s approximation of the interference PDF using Supplementary Appendix Equations S1-S3
3 Calculate the moments from g to m,, and determine the polynomials from P, (y) to P, (y) using Supplementary Appendix Equation S5
4 Evaluate the values from ¢, to ¢,
5 Determine the moments approximation of the interference PDF using Supplementary Appendix Equation S8

FIGURE 5
Radar used for the test.

TABLE 3 Radar system parameters used for the test.

Parameter Unit Data
Instrumented range km 360
Frequency S band
Elevation beamwidth degree <35
Scan rate Hz 0.1
Global probability of false alarms P, 1073
Local probability of false alarms pr, 0.1

b. using CA-CFAR (first-stage CFAR) with a global Py, to
determine possible target candidates;

c. application of unsupervised machine learning to separate
interference regions Ay from all possible target candidates;

d. interference distribution estimation for each region Ag;

e. false candidate reduction using second-stage CFAR with a
local p,.

3 Proposed approach

The diagram of the proposed approach is given in Figure 3. Two
consecutive beams are formed in the DSP-B (digital signal

Frontiers in Signal Processing

FIGURE 6
Aircraft used for the test (Source: internet).
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Interference mean powers corresponding to two
transmitted beams.

processing on board) block and up-converted to operating
frequency. Then, the beams are radiated into space via TRMs
(transmit/receive modules) and antennas. The received signals
from TRMs are passed through TRD
digitization) blocks in which the signals are digitized, down-
converted, and then passed to the DSP-B block for digital
beamforming. For each transmit beam, three beams are received

(transmit/receive
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At range of 70 km, target’'s SNR corresponding to the beam at an
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FIGURE 9
At range of 70 km, target’'s SNR corresponding to the beam at an

elevation of 2.0 degree is 18 dB.

in DSP-B (Subsection 3.1). These are then processed in DSP-C
(digital signal processing on computer) and DP-C (data processing
on computer) blocks (Subsection 3.2).

3.1 DSP-B

The
separated by different elevation angles, with the maximum

radar system transmits two consecutive beams
angle-distance between them being half of the elevation
beamwidth. For each transmitted beam, two sets of beams
(the sum, and elevation difference beams) are received in

Equation 14 below:

N
b? (1) = Y w? (myr, (1),

n=1

N
b0 (1) = Y wl (myr, (1), i=1,23,
n=1

(14)
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where {r,, (t)}nNzl, {ws(i) (n)}nNzl, {wg (n)}:]:1 are the digital sub-array
data and beamforming weights, respectively. The maximum angle-
distance between simultaneously received beams (corresponding to
each transmitted beam) is equal to one-fourth of the elevation

beamwidth (Figure 4).

3.2 DSP-C and DP-C

Received beams are then processed in DSP-C, including PC
(pulse compression), MTI/MTD (for pulse integration), and first-
stage CFAR (using CA-CFAR with a given global Py,). The beam
with maximum detection performance (Yu, 2009, Scheme 3) is
selected in “beam selection” (Figure 3).

In the case of non-homogeneous environments, false alarms occur
after the first-stage CFAR. For air-defense radars, most popular false
alarms are due to reflected echoes of surface or meteorology and have
some typical characteristics, such as higher density (the density of
plots in clutter regions is higher than in other non-clutter regions) and
stability (the false plots due to clutter remain in the clutter regions are
longer than in non-clutter regions). Based on these characteristics,
density-based clustering based on the hierarchical density estimates
(HDBSCAN) algorithm is used for “interference clustering” in DP-C.
The main steps of the HDBSCAN algorithm are given in Campello
et al. (2013). The output of the interference clustering is the set of
interference regions Ay, k = 1,...,m, m>1. For each region Ay, let
N be the number of plots in Ay and { yi(k)}iNzkl' be the set of plot
powers in Ay. The interference PDF in Ay is approximated using
polynomials in Algorithm 2 (Table 2). Here, we use the polynomial
approximation in order to simplify execution while keeping a
satisfactory result. The main steps processed in DSP-C and DP-C
are given in Algorithm 1 (Table 1). We note that in formula 15, the
function Fj is the cumulative distribution function corresponding to
the interference PDF p®, which by virtue of which Algorithm 2
(Table 2) is a polynomial. Therefore, Fy is a continuous and strictly
increasing function. This implies that it is invertible, with formula
15 being consistent (Table 1).

4 Test results and comparison

The radar used for the test is an air-defense 3D surveillance radar
(Figure 5) with system parameters given in Table 3. The value p ¢, will
be used for interference regions to reduce false alarms. This value is
the default false alarm rate used in Li et al,(2025). Elevation scanning is
achieved by electronically adjusting the phase of signals across an
antenna array, while azimuth scanning is accomplished by physically
rotating the antenna. At each steering angle, two consecutive beams
are transmitted and six are received (Figure 4). The angle-distance
between two consecutive transmitted beams equals 1.4°, while the
between
(corresponding to each transmitted beam) equals 0.5° (Figure 4).
The target used for the test is a light-sport aircraft, the ATEC 321 Faeta
(Figure 6), which flies at a velocity of 160 km per hour at an altitude of
1000 m. The tests were carried out on an Ubuntu system and the C++

angle-distance simultaneously ~ received  beams

software platform. For DSP-C and for DP-C, we use three computers
with Intel Xeon Gold 6242R 3.1 GHz (20 cores, 40 threads) and 24 GB
of RAM. The computational time required in DSP-C is less than 1 ms,
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FIGURE 10

Result of first-stage CFAR: test target (in white circle) and false alarms due to interference (in polygons)

TABLE 4 Parameters for HDBSCAN algorithm used in the tests.

Value All plots of kth radar scan, where
k=1,7,13,19,--
minPts 5
minClusterSize 5
031
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FIGURE 11
PDFs of the target (red curves) used for test and of interference

(black curves) by Bernstein's (solid lines) and moment (dashed
lines) methods.
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FIGURE 12
Threshold for second-stage CFAR of the interference region

having the test target

and that in DP-C is less than 0.3 s. This approach guarantees that the
online processing for the radar system since the time of one radar scan
is 10 s (Table 3).

The test showed that the interference mean powers between
13 km and 80 km with respect to the transmitted beams at 0.6" and
2.0° are approximately 33 dB and 18 dB, respectively (Figure 7). This
induces an increase of the target’s SNR with an averaging value of
11 dB (Figures 8, 9) and hence improves target detection at the first-
stage CFAR (Figure 10). Since the threshold of the first-stage CFAR
is chosen for the case of Gaussian noise, there are false plots in
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FIGURE 13
Results after second-stage CFAR. Test target is in white circle

TABLE 5 Comparison of proposed approach with other CFAR algorithms.

« 8.6 6.1
P, 0.86 0.23
FTr, 7 31
TDr, 0 1

interference regions due to the difference of interference PDFs from
normal. Furthermore, in the radar data processing, the false plots are
clustered using the HDBSCAN algorithm with parameters given in
Table 4. The values of k mean that the first radar scan is used for
interference clustering, and then every minute (equivalently every
6 radar scans) these interference regions are checked and updated.
The results of interference clustering are shown in Figure 10
(in polygons).

For each interference region, the interference PDF can be
estimated using Algorithm 2. The results of probability density
function approximation show (Figures 11) that the method using
Bernstein’s polynomial performs better than that using probability
moments. Here, for the false plot reduction in the second-stage
CFAR, we use Bernstein’s approximation with n =6, the local
probability of false alarms ps, = 0.1 for all interference regions,
and the thresholds evaluated by (15) (Figure 12). The result of
second-stage CFAR is given in Figure 13.

For comparison, note that the interference probability density
function is estimated using Bernstein’s polynomial, which could be
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12.6 7.5 - -
0.14 0.32 0.26 0.26
53 52 56 74
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more suitable for various types of interference than the use of kernel
density estimation in Budge and German (2015). Additionally, we
look at the situation where other CFAR algorithms like OS, SOCA,
GOCA, VI, and PI, which have thresholds listed in Supplementary
Appendix 2, are applied in the first-stage CFAR, while the second-
stage CFAR is not used. The following detection performance
parameters are used for comparison (Sunnen et al., 1997).

a. Py : probability of target detection in the interference region,
which is defined by the number of target reports over the
number of antenna scans in the interference region.

b. FTr,: false target reports are defined by the average number of
such reports in clutter regions per antenna scan.

¢. TDr_: track drop rate in the clutter region. TDr. = 1 where the
track is dropped when the test target is moving in a clutter
region; otherwise, TDr. = 0.

With the same value Pro = 1073, the coefficient «
(Supplementary Appendix 2) for CFAR threshold calculating and
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FIGURE 14
Test using OS-CFAR. Test target is in white circle.

FIGURE 15
Test using SOCA-CFAR. Test target is in white circle
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FIGURE 16
Test using GOCA-CFAR. Test target is in white circle

FIGURE 17
Test using VI-CFAR. Test target is in white circle
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FIGURE 18
Test using PI-CFAR. Test target is in white circle.

detection performance is given in Table 5 and Figures 14-18. Note
that the « value of the proposed approach given in Table 5 is of the
first-stage CFAR (CA-CFAR). The threshold for second-stage CFAR
is approximately —61 dBm (Figure 12). The thresholds of VI-CFAR
are Kyt = 5.3 and K g = 2.1, while the thresholds of PI-CFAR are
Tpr =3 and Tyr = 1.5. The test results show that by using the
proposed approach, we can track the target over the interference
region, while with other methods the track is dropped when the
target moves into the interference region. Moreover, the false track
reports (per antenna scan) of the proposed approach are much fewer
than others.

Compared with the machine learning approach (Perd‘ock et al.,
2024), we note that in our test, the target’s SNR is only
approximately 10 dB (Figure 8), and hence the approach in
Perd’ock et al. (2024) gives the value Py, = 0.6 according to Py, =
0.1 [Perd’ock et al. (2024), Figures 19, 22]. This value shows the
superior performance of our proposed approach.

5 Conclusion and future work

This study presents a new approach for improving aerial target
detection for 3D radars while working in non-homogeneous
environments based on multiple beam processing, interference
clustering, and its PDF approximation. Although the problem of
PDF estimation is well-known and has been studied for more than
a century, the discovery that the target’s and the interference PDFs
that the
approximations are consistent—there are no other PDFs with
the

are truncated for a radar system guarantees

same approximations as Supplementary Appendix
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Equations A2, Al4. The test and comparison show the
effectiveness of the proposed approach.

In future research, instead of using the same value py, = 0.1 for
all interference regions as in this study, we will apply optimization
theory to select the optimal local probability of false alarms p , value
for each interference region. In addition, new results in the
probability distribution estimation problem will be considered for
enhancing radar detection performance.
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1 SUPPLEMENTARY APPENDIX 1: FUNCTION APPROXIMATION

Let [a, b] be a given interval. Denote by C'[a, b] the set of all continuous functions defined on [a, b].
Theorem 1 [Hausdorff’s theorem (Sury, 2011)]. If f, g € C[a, b] such that

/abxkf(m)da: = /ab ¥ g(x)de,

for all k£ > 0, then f = g on [a, b].
Theorem 2 [Bernstein’s theorem (Sury, 2011)]. Let f: [0, 1] — R be continuous and for every n € N
define Bernstein’s polynomial By, (z, f) by

Bu(z, f) =3 (Z) 21— )"k F(k/n). (S1)
k=0
Then B, (z, f) — f(x) uniformly on [0, 1], i.e.,
lim ( sup |Bu(x, f) — f(x)}) — 0. (S2)
=90 \pel0,1]

For the case of f: [a,b] — R, we define the function g: [0,1] — R, g(x) = f(3=5). Then, the function
f(z) can be approximated by the polynomial B, (a + (b — a)z, g).

Now, let X be a random variable with the probability density and cumulative distribution functions p(z)
and F'(z), respectively. If the value of X outside the interval [a, b] cannot be observed, then the distribution
F(z) is said to be truncated at a and b. The truncated density function p(z; a, b) is determined by

p(x; aab) = )I(a,b)($)a (SS)

where [,y (z) = 1if x € [a,b] and I(,)(x) = 0if = ¢ [a, b)].

For a radar system, the use of the truncated density functions has arisen naturally since the reflected
signals could be detected by the radar receiver system only in the power range between sensitivity level
(the value of a) and saturation level (the value of b) of the radar receiver system.

If p(z) is continuous, then the truncated density function p(x; a, b) is continuous on [a, b]. Hence, applying
Theorem 2, we can approximate p(z; a, b) by Bernstein’s polynomial.

If p(z) is not continuous, but square-integrable, i.e.,
oo
| vt < .
— 0

then the function p(z; a, b) belongs to the space L?[a, b] of all square-integrable functions on the interval
[a, b]. Therefore, we can approximate the density function p(z; a, b) in the space L?[a, b] by a polynomial
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using the moments of p(z;a, b). Toward this goal, denote the inner product and the norm in the space
L?[a, b] by

b
(0) = [ Pt S4)

and [|p|| = \/(p. p). respectively.

Let my, = fab 2¥dx, k=0,1,---. Define the polynomials Py(z) = mg and

mo mi mp
mq ma e Mmnp41
P,(z) = det : : : (S5)
Mp—1 Mp m2an—1
1 T z™

where det(A) denotes the determinant of matrix A.
Theorem 3. For any n, 7 € N, r # n, the polynomials P, (z) and P,(z) are orthogonal in the space L?[a, b],
1.e.,

b
(Pa) = [ Pa)Pa)ds =0, S6)

and the set of polynomials

_ (h(@) Pi(x)  Palz)
5= { [Pl Bl Bl }

forms an orthonormal basis of the space L?[a, b).
Proof. Without loss of generality, assume that 0 < r < nand P,(z) = >_'_qa;a?, Py(z) = > 1 Bix.
Therefore, by applying (S4)-(S3)) we have

<Pn, Pr> = Z ozj<Pn(x), :L‘j>
=0

=> ;) Bial,a)
i=0 =0

= E o E ﬂimH—]
7=0 =0
mo my my,
r m1 ma Mp41
= o det :
3=0 mnp—1 mnp o Mon—1
mj o Miy1 o Mjia
=0.
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In order to prove that the set S is an orthonormal basis of the space L?[a,b] we assume that there is a
function h € L?[a, b] such that

Py
h,——) =0, forall n=0,1,---
< ||Pn||>

Now we prove that h = 0 on [a, b].
In fact, by assumption we have

/b 2" h(z)dz = (h,2"™) =0,

forallm =0,1,---.
If A is continuous, then applying Theorem 1 we obtain h(z) = 0 for all x € [a, b]. In other cases (when h
is not continuous), consider the bilateral Laplace transform of i (Beerends, 2003):

L[h](s) = /OO e *h(x)dz. (S7)

The function L[h](s) is convergent and hence is analytic for all complex values of s. Differentiating both
sides of with respect to s, we obtain the following relation

d"L[h b
ds™ a
= (e”*2" h)
forallm =0,1,---.
Therefore, d fl[s};](o) = <x", h> =0foralln =0,1,---. Hence, L[h] = 0 for all complex values s € C.
For the special case s = i27w:
w .
0 = L[h](i21w) = / h(x)e™ 2™y
—00
= F[h](w),

where F[h| denotes the Fourier transform of the function / (Beerends, 2003). Taking the inverse Fourier
transform, we conclude that » = 0, and so h = 0, on [a, b]. O

Applying Theorem 3 for the density function p(z; a, b) we obtain that the density function p(x; a,b) can be
uniquely represented as

. Py(z) P,
) ab - n 3 n — 3 7b7 ) SS
plezab) =D enp s en = (P50 b)) (58)

n=0

i.e., ¢y is evaluated from moments of the PDF p(z;a, b).
The formula (S8) means that the PDF p(z; a, b) could be approximated by its moments.
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2 SUPPLEMENTARY APPENDIX 2: THRESHOLD CALCULATION FOR CFAR
ALGORITHMS

The CFAR threshold (Richard, 2005; Skolnik, 2008) is calculated by 7' = « x 3, where [ characterizes
the interference power level and « is the coefficient estimated from Pp,:

a) CA-CFAR:
—1/N
aca = N x (PN —1).

b) SOCA-CFAR:

£ o)

k=0

where

N/2—1+4+k\ (N/2—1+k)!
( k )_k!x(N/Q—l)!'

¢) GOCA-CFAR:

Pra =21+ 370) 7% 22+ T VA

() )

d) OS-CFAR:

[N\ (k- 1)! x (aps + N — k)!
Pf“k(k> (aos + N)! '

¢) VI-CFAR (Smith, 2000):

VIi=N
AT M (x4,
. SNE (Xp);
VI =N
BT N (),
Mg — St Xl
> i [XBl;

where [X 4], and [X ], are the data (powers) of the reference cells in the leading and lagging windows,
N4 (Np) is the number of reference cells in the leading (lagging) windows.
If

1
VI <Ky, VIg<Ky;, MR < Kyp, MR > ,
Kyr
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then use CA-CFAR with both reference cells in the leading and lagging windows.

If
V]ZSKVLVIESKVLMR>KMR, or MR < ,
Kyr
then use GOCA-CFAR.
If
VIZSKV], V[E>KV],
then use CA-CFAR with reference cells in the leading window.
If
sz > KV], V[ESKV[,
then use CA-CFAR with reference cells in the lagging window.
If
VIZ > KV[, V]E > KV[,
then use SOCA-CFAR.
f) PI-CFAR (Mehanaoui, 2019):
Ny
1 [X4l;
Ply=— max (0, L —1
Ny — ( E[X 4] )
Np
1 [XB];
Plgp = — ) max(0, L —1
Bi= ( ElXp] )
1 A L
LGMR = ; log[Xal; = 5 z_; log[X p];
5 N/2 N
= N(Z log X; — > logX;)(Na = Np=N/2).
i=1 i=N/2+1

If

1
Ply<Tp;,Plg <Tp;, LGMR <Typr, LGMR > T—,
MR

then use a threshold with o = (Hfil Xi) N X ijal/ ‘. where ¢ is the parameter of Pareto distribution.

If
1
Pig<Tpr, Plg < Tp[,LGMR > Thyg, Or LGMR < _—,
MR
then use GOCA-CFAR.
If
PIa2Tpy, Plp < Tpy,
then use a threshold with o = ([[5 [XB]i)l/NB X Pf_al/ ‘, where ¢ is the parameter of Pareto
distribution.
If

Ply <Tpy, PIp>Tpy,
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then use a threshold with a = (Hf\i‘l [XA]@')l/NA X Pf_al/ ‘, where ¢ is the parameter of Pareto

distribution.
If
PIp>Tpr, PIp>Tpy,

then use a threshold with

N 1/(N=Ti~T») “1/e
Oé:< H XZ) X Pfa ,

=141

where € is the parameter of Pareto distribution.
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Abstract. This paper introduces a novel approach for tracking maneuvering targets
in highly variable environments. An adaptive interacting multiple model algorithm,
which is a combination of the modified adaptive Kalman algorithm and the
interacting multiple model algorithm, is proposed to enhance tracking performance.
One notable aspect of this method is its ability to continuously adjust the residual
values of each sub-filter in the interacting multiple model algorithm, leading to
improved adaptation to the target's high mobility and increased accuracy in position
estimation. In comparison to the classical interacting multiple model algorithm, the
results from both simulation and real data suggest that the proposed adaptive
interacting multiple model algorithm has shown a 38.3% increase in overall tracking
accuracy in position and approximately 28% in velocity.

Keywords. Maneuvering target, highly variable environments, Kalman algorithm,
adaptive interacting multiple model, residual adjustment

1. Introduction

In recent years, tracking and estimating the positions of moving targets has become an
extremely important and increasingly necessary problem in many different fields such as
military and aerospace, traffic management and many other applications [1]. However,
with the increase in structural complexity and flexible movement of targets in complex
terrain conditions, accurate and effective tracking of targets is posing great challenges
for both technology and science worldwide.

The Kalman filter (KF) is a commonly used technique in target tracking, providing
an optimal solution to linear filtering problems in state-space dynamical systems. The
effectiveness of Kalman filters relies on the assumption that the linear dynamic system
model is accurately known beforehand, and the process and measurement noises are
zero-mean, jointly standard Gaussian with known covariance matrices. On the other hand,
a conventional linear system model may fail to represent the true sensor measurements
in many actual applications [2-3], such as an intermittent sensor fault. The sensor
measurement may on occasion only contain noise and be unaffected by the system being
observed , and the performance of the KF may degrade when this pure noise is presented
in the measurement update [4]. Moreover, many studies have also shown that the

! Corresponding Author: Tran Thi Thanh, Radar Center, Viettel High Technology and Industries
Corporation, Ha Noi, Viet Nam; E-mail: tranthithanhbg1995@gmail.com.
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traditional Kalman filter and its modified versions, still face difficulties when the target
is mobile and changes velocity rapidly or is nonlinear [5-7].

The interacting multiple model (IMM) algorithm is a technique that combines
different state hypotheses from various filter models to improve the estimation of targets
with dynamic behavior [8]. Filter models are chosen based on the target's characteristics
and a Markov chain controls the switching between these models. The final output is a
weighted average of tracking results from all models. The IMM Kalman filter
incorporates multiple states of target movement, each with a certain weight that
influences the final fusion results. Throughout the target's movement, the IMM Kalman
filter is able to promptly adjust the weight for each model, particularly when the target's
motion state undergoes a change. Nevertheless, the IMM Kalman filter may have
limitations when not all target motion models are included, leading to weakened tracking
or divergence, particularly when targets exhibit unpredictable and nonlinear maneuvers
[9].

The literatures [10-11] use a neural network to correct the filter result of IMM
Kalman filter, to achieve the goal of improving the performance of IMM Kalman filter
in maneuvering target tracking. Compared with the traditional IMM, maneuvering target
tracking using IMM Kalman filter aided by Elman neural network is more valid.
Application of fuzzy interacting multiple model unscented Kalman filter (FUZZY -
IMMUKEF) approach to integrated navigation processing for maneuvering vehicles has
been proposed in [12]. The FUZZY-IMMUKEF algorithm displays notable enhancements
in navigation estimation accuracy when compared to the UKF and IMMUKEF approaches.
A nonlinear tracking solution for maneuvering aerial targets based on an adaptive IMM
framework and unscented Kalman filters (AIMM-UKF) has been studied in [13] to
obtain more accurate estimates, better consistency of the tracker, and more robust
prediction during sensor outages. The study demonstrated that the AIMM-UKF exhibited
rapid adaptation to the maneuver, as evidenced by a decrease in velocity settling time.
The AIMM-UKF produces a noise reduction factor ranging from 0.36 to 0.43. A novel
adaptive Kalman filter (AKF) to estimate the unknown probability of measurement loss
using the IMM filtering framework has been investigated in [14]. The state, Bernoulli
random variable, and measurement loss probability are jointly inferred based on the
variational Bayesian approach. Reference [15] developed a tracking method using IMM
algorithm combined with Probabilistic Data Association algorithm to solve the problem
of low data-rate measurement. The experimental results indicate that the algorithm is
capable of significantly enhancing the accuracy of target tracking, as well as effectively
addressing issues related to incorrect tracking and loss of maneuvering targets. However,
the application of those methods to conditions of inaccurate measurement has not been
fully mentioned.

Recently, the association of physical sensors and computational models to enhance
additional information about system states, inputs, and/or parameters has been termed
virtual sensing. The virtual sensing is gaining popularity in various industries, including
machinery, robotics and especially in the control of unmanned devices [16]. In a recent
study published in [17], researchers have proposed a new method using deterministic
artificial intelligence to effectively control the movement of unmanned underwater
vehicles. The approach aims to eliminate errors in tracking motion trajectories by
accurately following user commands, even if they are unknown or arbitrary. This
innovative approach involves learning from parameters that are traditionally assumed to
be constant in classical linear, time-invariant (LTI) methods, allowing for more precise
control of the vehicles. The study in literature [18] utilizes a computational model which
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is formulated using Pontryagin’s treatment of Hamiltonian systems to obtain optimal and
near-optimal results based on the selected algorithm. The simulation results demonstrate
that the method proposed leads to a 69—72% enhancement in state estimation, a 29-33%
increase in rate improvement, while simultaneously achieving minimal costs in the
utilization of guidance, navigation, and control decision criteria. Real-time optimal
(nonlinear) state estimation using the Moore— Penrose pseudoinverse has been found to
be the most recommended approach with very highly accurate estimates and
mathematically optimal low utilization costs. However, the application of those methods
to conditions of high variability of environment has not been fully mentioned.

In this paper, a combination of the new adaptive Kalman algorithm and IMM is
presented. Firstly, the paper describes the proposed adaptive interacting multiple model
algorithm, which involves continuously adjusting the residual values of sub-filters in the
IMM to enhance flexibility and applicability, ultimately improving tracking performance.
Secondly, simulation and real data results concerning the performance of the proposed
algorithm are given. A general conclusion of the obtained results is presented in the last
section.

2. Methodology

The proposed adaptive interacting multiple model (AIMM) algorithm is divided into
three parts: model interaction or mixer, individual model filtering, and model
combination. Two sub-filters are utilized to capture common motion models of targets.
The first sub-filter is a linear Kalman filter for constant velocity segments, while the
second is an augmented-state Unscented Kalman filter for horizontal turn segments. In
the second part of the AIMM algorithm, an adaptive update is implemented for each sub-
filter in response to anomalies in detection measurements. The diagram of the proposed
method is illustrated in Figure 1.
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Figure 1. Algorithm of the proposed method
Part 1: Interaction
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Assume the probability of each model M/ is u,](' at the moment &, we have:

= P{M]} M

The normal factor is defined as:
¢ = YLy Pijll;'( @)
where N represents the total number of the filter models in the model set; p;; is the

transition probability.
Then the mixture probability converting from model i to model j is written as:

wo, == pi,-u}; 3

Let the state estimation and the covariance matrix of each sub filter in IMM Kalman
filter at the moment k be mk and P} respectively. Accordingly, the mixture state
estimation of all filters m,]; and the corresponding mixture covariance matrix ij are
shown as follows:

my =Y, wll mi @)
. 3 . . T
P = Xyl « {PL+ [ — mf][mi, - mi]'} ©)

Part 2: Filter

Perform Kalman filter for each model M respectively:
[mpty, BL] = Filteryreqice (ml, P, AL, QL) 6)

[m;c+1: Pk+1] = Filterupdate(m;;p k+1'3’k+1'Hk+1'Rk+1) @

The proposed adaptive interacting multiple model (AIMM) method aims to adjust
parameters in each sub-filter based on input data to adapt to variability and uncertainty
in the environment, optimizing estimation performance in challenging situations.
However, the complexity of the problem necessitates a new solution for more effective
parameter calculation to reduce errors and increase reliability. One approach in this
method is fine-tuning the residual value of each sub-filter in the IMM algorithm. The
residual in each sub-filter is typically the difference between the observed value and the
predicted value from the system state estimate. Enhancing the residual can enhance filter
performance. The ratio between the residual and the square root of the residual
covariance matrix is used to create an index measuring the difference between prediction
and observation in each sub-filter. The formula for this index can be written as follows:

Res(i) (8)
The larger the adapThres, the larger Res relative to its variation, may indicate that

the filter’s prediction may not be reliable. On the contrary, if adapThres is smaller, it can
indicate that the filter’s prediction has a higher level of confidence. We utilize the
statistical "3-sigma rule" to assess the variability and stability of a system, process, or
data [19]. This principle is based on measuring the dispersion or variability of data
through the standard deviation and applying a threshold based on multiple standard
deviations. In particular, the 3-sigma rule shows that in a normal distribution (Gaussian
distribution), about 99.7% of the observations are within +3 standard deviations of the

adapThres(i) =
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mean. This means that variation usually occurs within this range and only a small fraction
(about 0.3%) falls outside this range. Therefore, if the adapThres is greater than 3, this
may suggest that the difference between prediction and measurement at time k£ has an
uncertainty greater than the threshold of 3 standard deviations. This may indicate that
there is a significant or imprecise difference occurring at this time, beyond the estimated
level of uncertainty. It is an indication of abnormal or error conditions. Then we need to
consider the scale ratio based on the difference between the predicted and measured
parameters:
(ataprs) R0
scale = By e— 9)
Then, we apply the data recalibration by adjusting the Res value. If the scale exceeds
the maxCovScale threshold, we will update the Res value to smooth the data according
to the following formula:

Res(i) = adapThres\/mame?Scalef’(i, i)+ R(i, i) (10)

The maxCovScale value is the cut threshold which is determined based on the
distribution of the scale values. Figure 2 shows the histogram with the distribution fit of
scale values in the low measurement accuracy case as described in section 3.2. The
maxCovScale value in that case is approximately equal to 2.25.
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Figure 2. The histogram with the distribution fit of scale value

Calculate the likelihood value of model i:
A§c+1 = N(Uli(+1; 0; S,i“) (11)
where N() represents Gaussian distribution function; v}, and Si,, represent the

observation innovation and its covariance matrix, respectively.
The model probability at the moment (k+1) is:

| A N A
Hi+1 = 7 0k+1G (12)

where ¢ is the normalization coefficient:
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N i =
€=Xi"148k41G (13)

Part 3: Combination
The estimated output of IMM Kalman filter is:
Myepr = Niot Hierr M (14)

Py = 2?21 :ulic+1 {Pli+1 + [m;'c+1 - mk+1][m§<+1 - mk+1]T} (15)

3. Result and discussion

To demonstrate the effectiveness of the proposed adaptive interacting multiple model
(AIMM) method, we now consider tracking a target using the models and parameters
mentioned above. Initially, the target is positioned at (X, y, z) = (7000 m, 7000 m, 800
m) with an initial velocity of 150 m/s. The tracking process unfolds as follows: For the
first 100 sampling periods, the target follows the constant velocity (CV) model. From
sampling period 101 to 120, the target switches to the constant acceleration (CA) model
with an acceleration of 0.1 m/s*. Between sampling periods 121 to 200, the target adopts
the constant turn (CT) model with a rotation rate of 0.4 deg/s. In sampling periods 201
to 300, another CT model is employed, but with a rotation rate of -0.3 deg/s. Finally,
from sampling periods 301 to 400, the target reverts to the CV model. The trajectory of
the target is illustrated in Figure 3(a). The radar is located at Cartesian coordinates (0 m,
0 m, 0 m) with a sampling interval of T = 10s. To simulate different levels of
measurement accuracy, we conducted two test cases: test case 1 with high measurement
accuracy, and test case 3 with low measurement accuracy.

In these experiments, the conventional interacting multiple model (IMM) [8], IMM
Aided by Elman Neural Network (IMM-ENN) [11] and our proposed adaptive IMM
(AIMM) are implemented and compared. The position root-mean-square error (RMSE)
is utilized to estimate the performance.

3.1. High measurement accuracy case

In the first case, the process noises are assumed to be zero-mean white Gaussian with
standard deviations of range, azimuth and elevation measurements are ¢; = 50 m, 6, =
0.2 deg and o. = 0.2 deg, respectively. In most cases with the high measurement accuracy,
all three methods achieve the same track performance, as shown in Figure 3(b). The
proposed algorithm and IMM-ENN method give results that are closer to the true path
than the traditional IMM method. However, the difference is not too much.
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Figure 3. Trajectory of simulated target (a) and Tracking result with the high measurement accuracy (b)

Figure 4(a) illustrates the position error, including range, azimuth, and elevation,
when employing three different methods in comparison to the true path. The range and
azimuth errors of the proposed method closely align with those of the IMM-ENN and
traditional IMM methods. However, there is a noticeable reduction in the elevation error,
particularly in the turning section (from sample 121 to sample 300). In Figure 4(b), the
velocity RMSE resulting from the use of three different methods is compared to the true
path. In terms of numerical values, as indicated in Table 1, it is evident that the range
RMSE of the proposed method improves by approximately 6% compared to the IMM-
ENN method and roughly 11% compared to the traditional IMM method. The azimuth
RMSE of the proposed algorithm closely matches that of IMM-ENN and demonstrates
an improvement of approximately 12% compared to the traditional IMM method.
Furthermore, the elevation RMSE displays an improvement of approximately 17%
compared to IMM-ENN and a substantial 29% improvement in comparison to the
traditional IMM method. As for velocity RMSE, it shows an improvement of
approximately 10% and 25% compared to IMM-ENN and the traditional IMM method,
respectively.
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Figure 4. Position RMSE (a) and Velocity RMSE (b)
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Table 1. The RMSE of each method
Conventional IMM-ENN Proposed

IMM Method
RMSE Range (m) 38 36.3 34.1
RMSE Azimuth (deg) 0.09 0.082 0.08
RMSE Elevation (deg) 0.07 0.06 0.05
RMSE Velocity (m/s) 1.2 1.0 0.9
RMSE of CV Model 0.09 0.08 0.076

Mode Probability

Figure 5 shows the mode probability of the constant turn (CV) model with three
methods with respect to the true mode. As shown in the figure, the proposed method has
the result of updating the CV model probability quite similar to the IMM-ENN and
conventional IMM method. In particular, the CV model mode probability RMSE
improved approximately 5% compared with IMM-ENN, and approximately 16%
compared with the traditional IMM method.
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Figure 5. The mode probability of CV model
3.2. Low measurement accuracy case

In the second case, standard deviations of range, azimuth and elevation
measurements are o; = 250 m, o, = 1.5 deg, and o. = 1.5 deg, respectively. Figure 6(a)
shows the tracking result of three methods. For this case, the proposed method shows
significantly better results than the two reference methods.

Figure 7(a) and Figure 7(b) show the position and velocity RMSE of three methods
under the condition of high measurement error. It can be seen that the IMM Aided by
Elman Neural Network (IMM-ENN) method and the proposed method have lower
position error than the traditional IMM method. The proposed method has a much lower
elevation RMSE than the IMM-ENN method. Numerically, as shown in Table 2, we can
see that the range RMSE of the proposed method improves by approximately 15%
compared to the IMM-ENN method, and approximately 25% with respect to that of the
traditional IMM method. The azimuth RMSE of the proposed method also improves by
approximately 12% and 30% compared with the IMM-ENN method and the traditional
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IMM method, respectively. In particular, the elevation RMSE improved approximately
45% compared with IMM-ENN, and approximately 60% compared with the traditional
IMM method. The velocity RMSE improved approximately 17% and 28% compared
with IMM-ENN and the traditional IMM method, respectively.
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Figure 6. Tracking result with the low measurement accuracy (a) and the mode probability of CV model (b)

Figure 6(b) shows the mode probability of the CV model with the IMM Aided by
Elman Neural Network (IMM-ENN), the conventional IMM and proposed adaptive
interacting multiple model (AIMM) with respect to the true mode. It is evident that the
mode probability of the proposed algorithm closely aligns with the true mode probability
in the sample ranges 1-100 and 300-400 when compared to the two reference methods.
In particular, the proposed method gives much better results at the maneuvering section
(in the sample ranges 200-250). Numerically, the CV model mode probability RMSE
improved approximately 13% compared with IMM-ENN, and approximately 17%
compared with the traditional IMM method.
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Table 2. The RMSE of each method
Conventional IMM-ENN Proposed

IMM Method
RMSE Range (m) 172 152 129
RMSE Azimuth (deg) 0.58 0.45 0.4
RMSE Elevation (deg) 0.3 0.22 0.12
RMSE Velocity (m/s) 3.6 3.1 2.6
RMSE of CV Model 0.095 0.09 0.079

Mode Probability

The proposed method was utilized in testing at an air surveillance radar station. The
tracking results of an aircraft target are shown in Figure 8. At some detection points with
large measurement errors, the traditional IMM method displayed non-seamless trajectory
tracking (left figure), whereas the proposed method showed smooth tracking results
(right figure). As a result, the position and velocity errors were reduced by approximately
15% and 18% compared to the traditional IMM method, respectively. It is important to
note that both IMM methods utilized the same structure and parameters.

Figure 8. Target tracking result with the traditional IMM (left) and proposed method (right)

4. Conclusion

This paper provides an in-depth exploration of a novel approach for tracking
maneuvering targets under conditions of low-accuracy measurement. We investigate an
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Adaptive Interacting Multiple Model (AIMM) algorithm, which combines elements of
the adapted Kalman algorithm with the IMM algorithm to create a more comprehensive
method aimed at enhancing tracking performance. We propose a continuous adjustment
of the residual values within each sub-Kalman filter of the IMM algorithm, with the goal
of adapting to the high mobility of the target and improving position estimation accuracy.
Based on simulated data, our study demonstrates the effectiveness of our proposed
method in terms of enhancing the accuracy of target state estimation under conditions of
low measurement accuracy. Notably, the proposed method achieves a notable reduction
in the Root Mean Square Error (RMSE) for range, approximately 15% compared to the
IMM-ENN method, and an even more significant improvement of approximately 25%
compared to the traditional IMM method. Similarly, the azimuth RMSE of the proposed
method experiences enhancements of approximately 12% and 30% when compared to
the IMM-ENN and traditional IMM methods, respectively. Of particular significance is
the elevation RMSE, which witnesses a remarkable improvement of approximately 45%
compared to IMM-ENN and an impressive 60% improvement relative to the traditional
IMM method. Additionally, the velocity RMSE demonstrates substantial enhancements
of approximately 17% and 28% when compared to IMM-ENN and the traditional IMM
method, respectively.
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Abstract. Multiple Target Tracking (MTT) is one of the most challenging topics in
radar target tracking. In addition to conventional position measurements, the
integration of target Doppler and power information can offer valuable insights into
a target's kinematic state, thereby improving tracking performance. This article
discusses a tracking approach that incorporates those components into the
measurement enhancement process and assesses the advantages of the proposed
strategy. Firstly, we investigated an improved data association scheme that exploits
statistical features of position, Doppler and power. The estimated Doppler value
calculated from the target range and timestamp will be compared with the measured
Doppler to deal with the Doppler ambiguity situation. Secondly, we studied an
augmented unscented Kalman filter (UKF) algorithm using position, Doppler
measures, and the indirect measure of radial velocity in the linear domain. The
experimental results show that the proposed solution has good performance in terms
of reduced number of false tracks and improving the accuracy of the target state
estimation.

Keywords. MTT, data association, position, power, Doppler ambiguity, UKF

1. Introduction

In the MTT system, sensors generate multiple detections from many targets in a scan. To
track these targets, the conventional methods only use the position information of the
detections in the data assignment algorithms. However, those methods lead to
outstanding problems if the number of targets or detections is large. Especially, when the
target moves in the noise area, the noise detections appear around the target detection, so
the targets may choose the wrong detections. In a pulse-Doppler radar system, beyond
conventional position measurements, Doppler and power measurements can offer
additional information about the target state, which would improve tracking performance.
Literature [1] discussed an adjusted JPDA (Joint Probabilistic Data Association)
algorithm which combines range rate measurements with position measurements to
enhance the tracking operation. A better data association scheme, which utilizes range
rate measurements to reduce the number of false tracks [2]. Literature [3] recommended
an enhanced Doppler data association approach which utilizes target range and target

1 Corresponding Author: Tran Thi Thanh, Radar Center, Viettel High Technology and Industries
Corporation, Ha Noi, Viet Nam; E-mail: tranthithanhbg1995@gmail.com.
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velocity measurements for linear multi-target tracking. The target velocity measurements
are applied to the observation likelihood estimation, which is an essential part of
differentiating true measurements from false targets. Reference [4] recommended the
Doppler information of the target based on multiple models generalized labeled multi-
Bernoulli (MM-GLMB) in the high clutter environment and the processing of the
measurements using the adaptive tracking gate can improve the tracking performance.

Most traditional tracking filters consider only position measurements to estimate the
moving state of the target. However, the operation principle of the track filters shows
that a filter using both position and Doppler measurements is more efficient than a filter
using only position. Reference [2] developed a scheme by using an interacting multiple
model estimator containing several extended Kalman filter (EKF) elements to handle
Doppler measurements. Various recursive nonlinear filtering approaches are used to
process Doppler measurements [5-6]. A linear denoising filter is presented in [7] to
reduce the converted Doppler measurement errors is investigated. A sequential converted
measurement Kalman filter with Doppler measurements when there is a correlation
between Doppler and slant range was proposed in [8]. Motion models in the range-
Doppler plane and state estimation technique using Doppler and range measurements
were also investigated in [9]. Literature [10] proposed a sequential linear filtering
algorithm to process the position-Doppler information. The proposed method was
combined with the IMM algorithm to enhance the maneuvering target tracking.

Conversely, the aforementioned methods only integrate the measurement of Doppler
without any ambiguity. Because of the spectral aliasing, an elementary problem is
Doppler ambiguity, particularly at low pulse repetition frequencies (PRF) [11].
Reference [12] discussed a target tracking method in ambiguous Doppler situations using
Gaussian Mixture. A Track-Before-Resolving approach for resolving the ambiguity in
Doppler measurements was proposed in [13]. This new method considers the maximum
probability computed in the multiple model estimation. Literature [14] proposed a
scheme that is based on the modified multiple hypothesis tracking and the probabilistic
data association to resolve the ambiguous Doppler problem.

In this study, a new approach for Multi-Target Tracking with a combination of
position, ambiguous Doppler and power measurements is presented. Firstly, we
investigated an improved data association scheme that exploits statistical features of
position, Doppler and power. The estimated Doppler value calculated from the target
range and timestamp will be compared with the measured Doppler to deal with the
Doppler ambiguity situation. Secondly, we studied an augmented unscented Kalman
filter algorithm using position, Doppler measures, and the indirect measure of radial
velocity in the linear domain.

2. Methodology
2.1. Data Association

The proposed data association method uses position, Doppler and power measurements
to calculate the score value of each detection in the target gate. The radial velocity value
is indirectly calculated from the range and the timestamp of the detection. After that it
will be converted to the estimated Doppler. If the detection comes from the target, the
difference between the measured Doppler and estimated Doppler will be small. This is a
new and effective solution when applying information directly in the Doppler ambiguity
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situation. Similarly, if a detection belongs to the target, the difference between the
measured power value and the average power value of the target will also be small.
Detailed algorithm is done through the following steps:
Step 1: Calculate the radial velocity

Determine the value of the radial velocity using the range and timestamp in the
following formula:

1 (Ti—N41—Ti- Ti—N+2~Ti—, Ti1—Ti
rr:_(lN+1 i=N+2 i=N+2 1N+3+___+ -1 l) (1)

i
N \ti-nN+2=ti-N+1  ti-N+3~ti-N+2 ti=ti—y

where rr;, r; and #; denote the radial velocity, range and timestamp at the scan i,
respectively.

N is the integer selected depending on the maneuverability of the target and the data
update cycle of the radar. The less maneuver the target or the faster the target data update,
the greater N can choose. In common situations, we propose to use N in the range of 2-
4. The timestamp is taken directly from the Analog-to-Digital module of the hardware
device to increase the accuracy of calculating the value of the radial velocity.

Step 2: Calculate the estimated Doppler from the radial velocity

The estimated Doppler Fj, is calculated from the radial velocity according to the

following formula:

DopplerAbs = mod (%, M) ()
where DopplerAbs denotes the absolute estimated Doppler value, v, is the
Doppler resolution and M is the total number of Doppler banks processed.

If the Doppler increases clockwise with the original bank F,

Fp = mod(F, + DopplerAbs, M) 3)

If the Doppler increases counter-clockwise with the original bank Fj,

= { Fy — DopplerAbs if Fy = DopplerAbs 4
b= |Fy+ M — DopplerAbs  if F, < DopplerAbs @

Step 3: Determine Doppler difference and power difference

The main idea of using Doppler information is that assuming y; is the detection of
the target at the time i, the value of the estimated Doppler from the radial velocity will
be approximately equal to the measured Doppler at the time i.

The Doppler difference AFj, is calculated as follows:
AFD:|FD_F;| (%)
If AFp> M/2:
AF, = M — AF, (6)
where Fj, is the measured Doppler of the detection.

The use of the Doppler difference is completely unwavering by the Doppler ambiguity
problem.

Similarly, the main idea of using power information is that assuming y; is the
detection of the target at the time i, the value of the measured power at the time i will be
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approximately equal to the mean power of the target. In particular, the power value used
to calculate is the normalized value regardless of the range.

The power difference AP is described by:
AP = |P-P| @)
where P is the measured power and P is the mean power.

Step 4: Determine Doppler difference distance, power difference distance and
position distance

The Doppler difference distance dap, is calculated according to the following
formula:

ory = [(OF> = hor,)(SEr,)™ (BFp =)™ ®)
where pyp, and SAZFD are the mean and variance of Doppler difference values,
respectively.
The power difference distance d,p is given by:
dap = \/(BP — 1ap) (S3p) 7 (BP — pap) ! ©

where pp and Sip are the mean and variance of power difference values,
respectively.

The position distance d,, is expressed as following:

dpy= @ -1 (P —pp) ™" (10)
where p is the measured position vector, p, and }; are the predicted position vector
and covariance matrix of the tracking filter used, respectively.

Step 5: Calculate the score for each distance value
The score value score,p, for the Doppler difference distance is calculated using the
following form:
_ [(thresg, — dap,) if dap, < thresp,
scorésrp = { 0 if dap, > thresg, (1)
where thresg, is the cut threshold of the Doppler difference distance which is
determined by:
thresg, = F~*(95%) (12)
where F is the cumulative distribution function of the Doppler difference distance
distribution.

The score value score,pfor the power difference distance can be derived as:

(thresyp — dpp) if dap < threspp

0 if dyp > thres,p (13)

scoreyp = {

The score value score, for the position distance is calculated according to the
following formula:

(thres, — d,) if d, <thres,

0 if d,, > thres, 14)

score, = {



100 T.T. Thanh et al. / Enhanced Multi-Target Tracking

where thres,p and thres, are the cut thresholds of the power difference distance
and position distance, respectively. The method of determining these two values is
similar to the way of determining thresg,,.

Step 6: Normalize the score

Because Doppler and power are used to complement the position information to
enhance the efficiency of the detection score calculation function, the score values must
be normalized in the range of [0 q], where ¢ = Gqx/3 and gpmay is the maximum value
of the position distance scores.

scoreprp* q

scoreyp, =

(15)

thresg D

scoreap* q

S€COTeAp orm = (16)

thresap
Step 7: Calculate the total score for the detection
The total score value TScore of the detection in the target gate shows the appropriate

level of that detection for the target. The higher the value of this score, the more suitable
the detection to assign the target.

TScore = score, + Wpoppier * scorepp,, .+ Weower * SCOT€A, a7

where Wpoppier and Wpgye, are weights of scoreyp, and scoreyp, ..,
respectively.

WDoppler + WPower =1 (18)

The value of the weights depends on the measurement accuracy of each quantity in
the radar system. The total score value of the detection in the gate of all tracks is put into
auction algorithm to select the most appropriate track-to-detection.

2.2. Tracking Filter

Firstly, the position measurements, including azimuth, range and elevation in sphere
coordinates, will be transformed into linear forms in Cartesian coordinates using the
method presented in [15]. The completed UKF algorithm is used as follows [16]. In this
study, a linear time-invariant system with constant velocity model is considered for
simplicity. Accordingly, the state estimate X and the state covariance matrix P of the
proposed augmented-state UKF filter are written as the following equation:

= T
X=[xv.yw zv, v, Fp (19)
[a"x 0 oy 0 [ 0 0 0 1
0 o™ 0 0 0 0 0 0
|o.yx 0 ¥y 0 o¥? 0 0 0
5 0 0 0 o 0 0 0 0
P=lo= 0 o 0 o= o 0 0 20)
0 0 0 0 0 og¥7"z 0 0
0 0 0 0 0 0 ogVhvh 0
0 0 0 0 0 0 0 ofpfp



T.T. Thanh et al. / Enhanced Multi-Target Tracking 101

where x, y, z, Uy, V), v, are the position and velocity components of target in the 3-
D Cartesian space, vy, which is the augmented element of the state estimate is the radial
velocity or range rate, Fp is the Doppler bank, o is the standard deviation.
Measurement vector z can be written as:

2=z, rr Fp @n

where z, = [r,a,e] is the position measurement of range, azimuth and elevation,

respectively; 77 is the indirect radial velocity measurement calculated based on equation
(1); Fp is the Doppler measurement.

State transition equations of the filter are used:

v =vft (22)
vE =it (23)
vl =kt (24)
xk = xkt + vk« AT (25)
yk = yk Tt 4 vk « AT (26)
78 =z 4 vk« AT 27
k _ —(xk*vf+yk*v’;+zkw§)
Vh = [xksxk+ykuykszRazk (28)
If Doppler increases clockwise:
k
Fl = mod (Fy +mod (2,M), M) (29)
d
Otherwise,
k k
k_f _ Vh i Yh
Fl = Fy —mod (Vd,M) if F, > mod (Vd,M) (30)
k k
k — Vh : Vh
Fs —F0+M—mod(E,M) lfF0<mod(E,M) G1)

3. Result and discussion
3.1. Single target case

We now consider tracking a single target in a clean environment using the constant
velocity model with the following set of parameters. For the target, the initial state is

— T
X, = [950m, 102, 310m, 102, 0m, 02, o%,o] . The radar is located at

Cartesian coordinates (0 km, 0 km, 0 km) and sampling interval of T =1 s. The process
noises are presumed to be zero-mean white Gaussian with standard deviations of azimuth,
range, and Doppler measurements are 6, = 2 deg, o = 90 m, and op = 1 bank Doppler,
respectively. The Doppler resolution is 0.5 m/s and the total number of Doppler banks
processed is 24. The tracking result is compared with the traditional method which only
used the position measurement and the modified UKF presented in [14] in two different
groups of measurements: 1) position and ambiguous Doppler, 2) position and
unambiguous Doppler. The position and velocity root-mean-squared error (RMSE)
errors are utilized to estimate the tracking performance.
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In most cases, both modified UKF in [14] and proposed method can effectively
resolve the Doppler ambiguity and obtain the same track performance as with
unambiguous Doppler situation as indicated in Figure 1(a). Both methods also present
the better tracking result than the position-only method. However, in some instances, the
modified UKF [14] uses an inaccurate estimate of mean and covariance or an erroneous
innovation, which would lead to divergence as illustrated in Figure 1(b). On the other
hand, the proposed method shows the same result as the unambiguous Doppler case.
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Figure 1. Tracking results in convergent case (a) and divergent case of modified UKF [14] (b)

As can be seen from Figure 2, the proposed method obtains the velocity and position
RMSE values of the Doppler ambiguity situation almost overlie with those of the
unambiguous situation. Moreover, the enhancements in position and velocity RMSEs
are approximately 18% and 55%, respectively, compared with RMSE when using the
position-only method, about 8% and 10% compared with RMSE when using the
modified UKF [14] method.
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Range RMSE (m)
Velocity RMSE (mis)
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()
Figure 2. RMSE for modified UKF [14] and Proposed method, (a) Range RMSE, (b) Velocity RMSE

3.2. Multitarget case

A multi-target tracking scenario with three targets using the constant velocity model is
illustrated. The starting time for each target is zero seconds. The radar is located at
Cartesian coordinates (0 km, 0 km, 0 km) and sampling interval of T =1 s. The process
noises are assumed to be zero-mean white Gaussian with standard deviations of range,
azimuth, Doppler and power measurements are ¢; = 15 m, 6, = 0.3 deg, op = 1 bank
Doppler, and o, = 15 dB, respectively. The Doppler resolution is 0.5 m/s and the total
number of Doppler banks processed is 24. The trajectory of each target is shown in
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Figure 4(a). The high clutter region is generated around the target. The Doppler and
power measurements for clutter points have uniform distributions over the regions (0,
12) and (0, 100), respectively.

Figure 3 shows the distributions of three parameters: position distance, power
difference distance and Doppler difference distance. The cut threshold value for each of
those parameters is determined based on the corresponding distribution. Accordingly,
the cut thresholds of position distance, power difference distance and Doppler difference
distance are 5.3, 2.8 and 8, respectively.
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Figure 3. Histogram with distribution fit of position, power difference and Doppler difference distance

Figure 4(b) presents the tracking results with three methods: 1) Position only, 2)
joint integrated probabilistic data association (JIPDA) method [14] and 3) the proposed
method. The performances are compared in terms of RMSE and false detection rate. The
false detection rate is defined as the number of false detections per time scan, determined
by

where Ty is the total simulation time and N(i) is the total number of false detections
at the time i.
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Figure 4. Simulated targets and surrounded clutter (left) and Estimated tracks (right)
It can be seen that the relative position RMSE of the proposed method becomes
smaller than those of the position-only method and JIPDA [14] method (shown in Figure
4b). It means the estimated tracks are close to the true paths. Meanwhile, the position-

only method generates a lot of false tracks. Numerically, from Table 1, the improvements
in the position and velocity RMSEs are about 21% and 40% with respect to those of the
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JIPDA [14] method. With the presence of power measurement, the proposed method also
obtains the lower false detection rate than the JIPDA [14] method in the high clutter
situation. Specifically, the false detection rate has decreased up to 95% compared with
the JIPDA [14] method.

Table 1. The performance comparison of the proposed method and the peer method JIPDA
Position JIPDA [14] Proposed

Only Method
RMSE Position (m) 11.5 8.8 6.9
RMSE Velocity (m/s) 0.63 0.41 0.25
False detection rate 35 5.6 0.3

The proposed method is also applied to a coastal surveillance radar station for our
test. We are interested in “Track 1” area (inside the blue circle) in which there are usually
sea and weather clutters. The results are shown in Figure 5. The position-only method
which only used position in MTT system leading the target chose wrong detection from
clutter and move incorrect direction (left figure). The proposed method shows that the
target choose correct detection and move right direction (right figure).

Figure 5. Target tracking result with position-only method (left) and proposed method (right)

4. Conclusion

In this paper, a new approach for Multi-Target Tracking with combination of position,
power and ambiguous Doppler measurements is presented. Firstly, we investigated an
improved data association scheme that utilizes statistical features of position, Doppler
and power. The estimated Doppler value calculated from the target range and timestamp
will be compared with the measured Doppler to deal with the Doppler ambiguity
situation. Secondly, we studied an augmented UKF algorithm using position, Doppler
measures, and the indirect measure of radial velocity in the linear domain. Based on the
simulated and real data, it was shown that our proposed method has good performance
in terms of reduced number of false track-to-detection association and improving the
accuracy of the target state estimation. The improvements in the position and velocity
RMSEs are about 21% and 40% with respect to the JIPDA [14] method. The false
detection rate has decreased up to 95% compared with the reference method.
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ABSTRACT

In this paper, we propose an adaptive method to resolve ambiguities and a ghost target removal process to extract targets
detected by a ground-based pulse-Doppler radar using medium pulse repetition frequency waveforms. The ambiguity
resolution method is an adaptive implementation of the coincidence algorithm, which is implemented on a two-
dimensional (2D) range-velocity matrix to resolve range and velocity ambiguities simultaneously, with a proposed
clustering filter to enhance the anti-error ability of the system. Here we consider the scenario of multiple target
environments. The ghost target removal process, which is based on the power after Doppler processing, is proposed to
mitigate ghosting detections to enhance the performance of ground-based radars using a short PRF schedule in multiple
target environments. Simulation results on a ground-based pulsed Doppler radar model will be presented to show the
effectiveness of the proposed approach.

Keywords: Ambiguity resolution, Coincidence algorithm, Medium PRF, Ghost target removal

1. INTRODUCTION

Pulse-Doppler radar detects a target by transmitting pulses of radio frequency energy and receiving the energy reflected
towards the radar by the target. Depending on the pulse repetition frequency (PRF) and its ambiguity characteristics,
pulse-Doppler radar operation is commonly divided into low PRF, medium PRF and high PRF mode. In low PRF mode,
the PRF is sufficiently low to be unambiguous in range of interest but is ambiguous in velocity, that is, ambiguous in
Doppler frequency. In high PRF mode, the ambiguity characteristics are the opposite, the radar is ambiguous in range
and unambiguous in Doppler frequency. In medium PRF mode, the radar is ambiguous in both range and Doppler
frequency. However, the ambiguity can be resolved by transmitting a set of multiple medium PRFs, each PRF
corresponds to a coherent processing interval (CPI), to produce different ambiguous measurements. Then, the true range
and velocity of targets can be decoded by combining these data.

Chinese Remainder Theorem (CRT) [1], [3] is one of the mainstreams in resolving ambiguity in a pulse-Doppler radar.
It offers an analytic procedure for calculating the unambiguous range from the measured range on different PRFs.
However, CRT approach is too sensitive to measurement errors. It also requires the PRFs to be co-prime which may
make it harder to find a PRFs set satisfying both resolving range and velocity ambiguity. In [4], [5], clustering algorithm
was proposed to gain better anti-error ability. It rearranges all possible ambiguous range corresponding to different PRFs
in ascending order and calculate the cluster variation in order. The best clutter occurs at the value when the variation is
minimum. Clustering algorithm is found to be superior to CRT, but it requires heavy computation and can only resolve
range or velocity ambiguity at a time.

The coincidence algorithm [2] is an essentially graphical implementation of the CRT. The algorithm unfolds all possible
ambiguous ranges and velocities over the space of interest. It then combines ambiguous data over the several CPIs to
detect true target. The coincidence algorithm can provide a good ambiguity resolution with high precision and less
computation complexity. However, in multiple targets condition, coincidence algorithm may report ghost targets. To
deal with the ghosting problem, the author in [6] proposed a target extraction algorithm that is based on the concept that
true targets are detected in a large number of CPIs, whereas ghost targets are more likely to be observed in fewer CPIs.
The method was shown to be good with a long PRF schedule, but with a short PRF schedule, it may not clearly
distinguishable between true and ghost targets based on the number of detections.

In this paper, we aim to address the ambiguity in the ground-based pulse-Doppler radar operating in multiple medium
PRF mode. We present an adaptive implementation of the coincidence algorithm which is implemented on a 2D range-



velocity matrix to resolve range and velocity ambiguities simultaneously and propose the implementation of a clustering
filter to enhance the anti-error ability of the system. To combat ghost targets, we propose a ghost removal process that
addresses the case of a short PRF schedule being used in the system. The ghost removal process is based on the power
after Doppler processing to distinguish true and ghost targets. This case is essentially necessary in desire of the short
illumination time of rapidly scanned narrow beam in a ground-based pulse-Doppler radar in a multiple target
environment.

The paper is organized as follows: we briefly describe medium PRF radar in section 2. In section 3 and section 4, the
proposed ambiguity resolution approach and the ghost removal process are presented, respectively. The simulation
results are given in section 5. The last section is dedicated to summary of this paper.

2. MEDIUM PRF RADAR DESCRIPTION

The radar under consideration in this paper is a ground-based air surveillance pulse-Dopller radar that employs medium
PRF waveforms to detect targets. Each PRF has a maximum unambiguous range and velocity of a target that can be
detected by the radar as:

c cx PRI
rua: = (1)
2x PRF 2
cx PRF
Via == Py 2
“To

where c is the speed of electromagnetic wave in space, PRI is the pulse repetition interval (PRI = 1/PRF) and fo is the
carrier frequency of the radar signal. When a target range exceeds rya, the measured range is ambiguous and can be
expressed as:

It = Iy + MXry, (3)

where ry is the true target range, ry is the range measured by the radar, m=0,1,2,... is the order of the range ambiguity.
The same principle is true for velocity ambiguity when a target velocity exceeds vya. The ambiguity in velocity can be
expressed in Doppler frequency shift measured by the radar as:

fae =fa £ nxf; 4)

where fq is the true Doppler shift, fg is the Doppler frequency shift which is determined by the radar, f; is equal to the
PRF, n=0,1, 2,... is the order of Doppler ambiguity.

In the pulse-Doppler radar, the signal processing utilizes range gating and pulse compression in range domain to get a
fine range resolution, AR, which depends on the bandwidth of the modulated pulse [9]. In Doppler frequency domain,
Discrete Fourier Transform (DFT) is used to processing the spectrum of the echo signal. The DFT quantities frequency
domain into Doppler frequency bins with the frequency resolution can be calculated as:

PRF
Af= —— (5)
N

pulse
where Npuise iS the number of pulse during a CPI.
The ambiguous range can be expressed in term of range bin which is an integer multiplier of range resolution as:
Ri= Rx +mxRya (6)

where R;, Ry, Rua are the true range bin, the measured ambiguous range bin and the maximum unambiguous range bin.
The ambiguous frequency can be expressed by Doppler filter bank and frequency resolution as:

fdt = (nd + anpu|se)x Af (7)
where ng is the Doppler filter bank corresponding to the Doppler frequency shift determined by the radar.

The range ambiguity and velocity ambiguity, or that is, Doppler frequency ambiguity, can be resolved by using multiple
medium PRFs. Considering a set of N PRFs, the radar radiates N CPIs, with each corresponding to a PRF. Each CPI



consists of a number of transmission pulses with identical characteristics. The measurements carried out over N CPls are
used to resolve the ambiguities. The criterion M/N is used for target detection, that is, a target presence is declared at a
certain range and Doppler frequency if there are at least M out of N CPIs in which the target is detected.

3. THE PROPOSED APPROACH TO RESOLVE AMBIGUITES
3.1 Coincidence algorithm

The coincidence algorithm resolves ambiguities by unfolding and combining ambiguous measurements. For each PRF in
which a target is detected, all possible ambiguous ranges and velocities are computed to the maximum range and
velocity of interest. The ambiguities are then resolved by combining the ambiguous data over N CPIs at every range and
Doppler bin. A detection at a specific range bin and Doppler bin is declared if this bin is in at least M out of N CPlIs.

Consider range ambiguity resolution. Assuming that three PRFs are used and the criterion 2/3 is used for target
detection. The maximum unambiguous range bins corresponding to the three PRFs are Ruai = 6, Rua2 = 8, Ruaz = 11.
Further, suppose a target appears at the range bin of R; = 15, therefore the measured ambiguous range bin by the three
PRFs are 3, 7, 4 respectively, and the ambiguous range equations are:

R ppey =3+m xR =39,1521,..
Rypppy =7 +my xR, =7,15,23,... ®)
R pppy =4+ m, xR . =4,15,26,..

The coincidence algorithm calculates possible ambiguous ranges for each PRF and combine the data over 3 PRFs. The
algorithm then searches for a range bin that exhibits detection in at least 2/3 PRFs to declare the detection. As calculated
in equation (8), the algorithm correctly detects the true target range bin at 15.

In case of Doppler frequency ambiguity resolution, care must be taken that canonical coincidence algorithm requires
Doppler frequency resolution to be the same among CPIs so that data is combined at the same Doppler frequency.
Equation (5) indicates that the frequency resolution is dependent on PRF and Npuse Which means it can be different
between CPIs. To overcome this limitation, an adaptation of the coincidence algorithm which chooses a fixed reference
Doppler frequency resolution, Afres, to rescale ambiguous Doppler frequency measurements to the same base as follows:

f
_dt _ (n, £nxN_. )x i 9)
Af d — pulse Af

ref ref

Equation (9) can be written in terms of integer frequency bin after rescaling as:

Af
Foo= (ng £nxN ) XF (10)
where Fg is the true frequency bin after rescaling. The Doppler frequency ambiguity is identical to that of range
ambiguity, the same principle of range resolution can be applied to resolve Doppler frequency ambiguity.

ref

3.2 2-D matrix implementation of Coincidence algorithm

Figure 1 illustrates the signal processing procedure to resolve ambiguities for a pulsed-Doppler medium PRF radar.

Received echo
signal

ambiguous unambiguous
Matched Doppler CFAR detections | Ambiguity Resolution & Ghost detections
filtering processing Detector Removal
Doppler processing power T

Figure 1. Signal processing procedure



In the pulse-Doppler radar, the signal processing divides range and Doppler frequency into multiple range bins and
Doppler frequency bins. After the CFAR detector of each CPI, a 2-D binary range-Doppler matrix presents the
information of detected points. A value of 1 means a detection at that range-Doppler bin. For each 1’s value in the
matrix, all possible ambiguities corresponding to that detected point are computed to maximum range and rescaling
Doppler bin, which results in a new 2-D binary range-Doppler matrix of full range and Doppler bins of interest as
illustrated in Figure 2. The results of N CPIs are combined by summing the result matrix of each CPI to get a combined
result matrix. During the process of unfolding detected points, the power after Doppler processing of each range-Doppler
bin is also unfolded in each CPI. The true target is then extracted from the combined matrix and the unfolded power after
Doppler processing.

Detection point
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Figure 2. 2-D unfolding matrix
3.3 Clustering filter

The M/N criterion requires M out of N detections at a range-Doppler bin to declare a target detection. However, detected
points of a true target at different CPI may not be aligned due to:

¢ Range error measurements may happen in the system.
e  Error resulting from integer rounding and misalignment when rescaling Doppler frequency.

These errors can result in several misaligned bins between CPls at a target’s detected point. A clustering filter is
proposed to enhance error tolerance of the system. Figure 3 illustrates the process of clustering filter:

Step 1: In each range-Doppler point, open a window of size (xxy) and calculate sum of the values in this window.

Step 2: If the sum is greater than or equal to M and the value of the current point is greater than or equal to 1, declare a
detected point at that range-Doppler bin.

Step 3: Scan the window all over the combined result matrix to detect all possible point.
Step 4: Implement ghost removal process to detect the true target and update the combined result matrix.

Step 5: Repeat the process on the newly updated combined result matrix until there is no more target detection.
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Figure 3. Clustering filter



4. GHOSTING REMOVAL PROCESS

Combining ambiguous data from several CPIs may result in false target detections or ghost targets. This happens
because:
e  Multiple targets correlate with each other, that is an ambiguous range and Doppler bin of one target may be in
coincidence with ambiguous range and Doppler bins of other targets and exceed M coincidence requirements.
The more targets there are in the beam, the greater possibility that ghost targets are detected.
e Noise spike may correlate with an ambiguous target.

In [6], the authors deal with ghost targets based on the number of detections over N CPIs. After combining the results of
N CPlIs, the target that appears the most over N CPIs will be declared as a genuine target. The detected points relating to
this genuine target are then removed. The process keeps going until there are no more reported targets. However, if a
short PRF schedule is used, the number of detections may not be clearly different among targets in order to distinguish
true targets and ghost targets. In this paper, we propose a process to mitigate ghosting detections by using the power
after Doppler processing, as follows:

Step 1: After the clustering filter process, find the detected point that has maximum power and mark this detection as a
genuine target. The power is the sum of maximum power after Doppler processing over a window of size (xxy) of each
CPI at the considered point.

Step 2: From the genuine target in step 1, find all the ambiguous range-Doppler bins corresponding to this target.

Step 3: At each range-Doppler bin in step 2, open a window of size (xxy) on the combined result matrix, decrease the
values in the window by 1.

Step 4: Repeat the process to extract new targets.

5. RESULT

We evaluate the proposed approach by simulation on a model of a ground-based to air surveillance pulse-Doppler radar.
The parameters of the radar are given in Table 1.

Table 1. Radar model parameters

Parameter Value Paramter Value

Carrier frequency 3 GHz Transmitted pulse width 30 uS
@In(};? na 3 dB beam- 3.5° Duty cycle Variable (max 10%)
Stacked beams 3 beams PRIs [500; 425; 358] uS
Antenna scan rate 6 rpm PRFs [2000; 2352; 2793] Hz
Beam Dwell-time 97.2 ms Npulse 20
Pulse compression Lm:/la(; dzrli(tqili)enncy Range resolution 75m

. . Reference Doppler 100 Hz (5 m/s velocity
Signal bandwidth 2 MHz resolution resolution)
Maximum range of 160 km Ambiguity resolution 2/3 criterion, adaptlve
interest coincidence algorithm
!\/Iaximum velocity of +300 m/s (12 kHz) Qlustering filter window 33
interest size

5.1 Medium PRF processing parameters selection

The selection of processing parameters is to select a set of optimum parameters that gives the best medium PRF
algorithm detection. The selected parameters include the medium PRFs set and the fixed reference Doppler frequency
used in coincidence algorithm in this paper. The flow of selection is that the medium PRFs set is firstly selected to give
an optimum or near optimum detection performance in range domain. The fixed reference Doppler frequency is then
selected in combining with a number of reasonable good PRFs sets to select the optimum PRFs set and fixed reference
Doppler frequency.



In consideration of the PRFs set selection, the goal is to find PRFs sets that have minimum blind zone while maintains
the decodable and operational constraints of the radar [7], [8]. In this paper we consider the case of a short PRFs set is
used. This case is essentially necessary in desire of the short illumination time of rapidly scanned narrow beam in a
ground-based pulse-Doppler radar in a multiple target environment. Note that in Table 1, the transmitted pulse width is
30 pS and the duty cycle is limited by 10%, so the minimum value of PRI is 300 uS. For the chosen PRFs, stacked
beams and Npuise, the total illuminating time is 76.98 uS (79% of beam dwell-time). If a longer PRFs schedule is desired,
that is more than 3 PRFs are used, there will be a trade-off by reducing the transmitted pulse width or by reducing Npuise,
which reduces the coherent processing gain, otherwise the longer PRFs schedule may exceed beam dwell-time which is
not acceptable. Figure 4 illustrates the detection performance of the selected PRIs set on range domain. The value of 0
indicates the blind zone, the other value indicates the detectable zone. The result show that, the PRIs gives no blind zone
over the maximum range of interest except for the undesirable blind zone due to the first transmitted waveform length.
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Figure 4. Detection performance on range domain of the selected PRFs set

In consideration of the fixed reference Doppler frequency (Afr ) selection, there are multiple factors that affect the
selection value of Afrer:

e  The maximum value of Afr is less than or equal to the minimum frequency resolution of the PRFs set

e  The value of Afrer should be the divisible number of the maximum speed of interest

e The higher Afres requires less computation because the 2D range-Doppler matrix of interest has smaller size
e  The lower Afer has better Doppler frequency accuracy estimation, or that is the velocity accuracy estimation

After determining the constraints to select Afrer, numerical simulation can be conducted to select the optimum Afes
value. For the PRFs set and Npuse in Table 1, the frequency resolution is Af = [100; 117.6; 139.65] Hz. The
corresponding velocity resolution is Av = [5; 5.88; 6.9825] m/s. The possible value of Avres = [1; 2; 3; 4; 5] m/s, which
results in equivalent possible Afrer= [ 20; 40; 60; 80; 100] Hz. The simulation of the PRFs set in combining with the Afyes
gives the results of blind zone ratio over maximum range and velocity of interest in Table 2. From the simulation results,
it can be seen that Afis = 100Hz or Avees = 5m/s gives the best medium PRF detection. Figure 5 shows the overall
detection performance of the selected PRIs and Afrer. The value of 1 gives the detectable zone, while the value of O gives
the blind zone. It can be seen that on the range domain, the selected parameters have blind zone due to the first
transmitted waveform length. On the velocity domain, the blind zone is the result of removing Doppler bank filter which
is near zero frequency to suppress ground clutter effect.



Table 2. Detection performance with different Afyes

Afret (HZ) Blind zone ratio (%)
20 29.28
40 10.65
60 4.15
80 3.8
100 3
160 Range-Velocity space max range o
140 109
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Figure 5. Detection performance over the maximum range and velocity of interest of the selected PRFs set and Affet
5.2 Performance of the proposed approach in simulation

We test the proposed approach in four cases with different numbers of targets: 1, 5, 10, 15. For each case, we run 200
tests with the targets randomly selected in the space of range and velocity of interest. The results of detection are given
in Table 3 below.

Table 3. Result of target detection of the proposed scheme

Number of targets Total targets Number of corrected detections
1 200 200
5 1000 958
10 2000 1858
15 3000 2731

The results show that the best detection performance is in the case of a single target with 100% detection. The case of
five targets gives 95.8%, the case of 10 targets gives 92.9%, and the case of 15 targets gives 91.03% of correctly
detected targets.

In order to make a comparison on the number of ghost target detections, we also run the test with the proposed ghost
removal approach in [6]. The results are given in Table 4 below.

Table 4. Result of ghosting in the two schemes

Number of ghost targets
Approach in this paper Approach in [6]
1 0 0

Number of targets




5 6 18
10 22 63
15 41 130

As shown in Table 4, in the case of a single target, the two proposed approaches do not detect any ghost target.
However, as the number of targets increases, the number of ghost detections also increases. The results show that the
proposed approach in this paper detects fewer ghost targets, about 3 times fewer, than the approach proposed in [6]. This
is an improvement of the approach in this paper over the one in [6].

Figure 6 to Figure 9 show an example of the ambiguity resolution process in the case where the number of targets is 10.

The information of 10 targets in range-velocity space is given in Table 5.

Table 5. Target’s information in the example

Target Range (km) Velocity (m/s)
1 19 -53
2nd 14 -228
3 130 113
4th 15 115
5th 50 126
6t 126 99
7t 75 -125
gt 145 -255
gth 89 -78
10t 71 206

Figure 6 shows the 2-D full range and velocity matrix over the space of interest after unfolding all possible ambiguous
points of each PRF. Figure 7 shows the combined result matrix after the first clustering filter. At this stage, there are 13
range-velocity points having a cluster window value of 2 and there are three range-velocity points having a cluster

window value of 3.
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Figure 7. Combined result matrix after the first clustering filter




Without the ghost removal process, there would be 16 targets to be declared, that means six false alarm detections. By
applying the ghost removal process proposed in this paper and the one in [6], the detection results are better. Figure 8
shows the detection results by the proposed approach in this paper. All 10 targets are detected correctly. Figure 9 shows
the detection results by the proposed process in [6]. There are 11 targets to be declared, including 10 genuine targets and
one ghost target. Note that 13 values of 2 and three values of 3 may be not clear enough to distinguish a genuine target
and a ghost target based on the number of detections over N CPIs, so that the performance by the process in [6] still
reports a ghost target.
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Figure 8. Detection results of the proposed scheme in this paper
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Figure 9. Detection results of the proposed scheme in [6]

In order to make a comparison of computation complexity, we record the computation time of the two method in
different cases of number of targets. The simulations are conducted on MATLAB 2017a with Core i3-10100. Table 6
shows the computation time. The results show that, there is no significant difference in computation complexity between
the two approaches. That is because the two approach is calculated only by addition and subtraction. The only difference



in processing is that the proposed approach in this paper uses power after Doppler processing to extract true target which
requires processing in float data type, while the approach in [6] uses integer data type to be processed.

Table 6. Computation time in the two schemes

Computation time (5)
Number of targets Approach in this paper Approach in [6]
1 2.29 2.18
5 6.05 5.86
10 10.86 10.5
15 14,91 14.07

6. CONCLUSION

In this paper, we have presented an approach to resolve ambiguity based on an adaptive implementation of the
coincidence algorithm with a proposed clustering filter. The proposed approach can handle both range and velocity
ambiguities simultaneously. In the case of a multiple target scenario, a ghost removal process that utilizes the power
after Doppler processing is proposed. The simulation shows the effectiveness of the proposed target extraction when a
short PRF schedule is used in the system. Future work will focus on further evaluation and optimization of the
computation complexity of the proposed approach.
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A Discrete Clutter Reduction Method for
Drone Detection with High Resolution
Radars

Tran VU HOP, Nguyen VAN LOI!, Pham VAN TIEN and Phung DINH THANG
Radar Center, Viettel High Technology Industries Corporation, Hanoi, Vietnam

Abstract. The paper deals with a problem of noise reduction for drone detection
with high range resolution radars. The considered discrete clutter includes land
vehicles, birds, etc. This clutter involves in the radar echo signals and could not be
rejected by using classical methods, for example moving target indicator (MTI) and
moving target detection (MTD). As a result, this clutter forms the false alarms on
the radar screen. To reduce clutter we propose a new method which is based on the
target’s Doppler dispersion and moving characteristic. The study is integrated on a
drone detection radar and is tested with a variety of drones in different moving
scenarios. The test results show that the proposed method achieves a better
performance than that one recently published.

Keywords. Radar signal processing, clutter reduction, drone detection radar, high
resolution radar

1. Introduction

A radar is a complicated system that uses the radio waves to detect objects (targets). In
the radar signal echoes, beside the signals from considered objects there are signals
from unwanted objects, for example, for a drone detection radar with a high range
resolution (HRR) (see [1, ch. 9]) unwanted objects are land (or surface) clutter (grasses,
trees, ground), volume clutter (precipitation and chaff) and discrete (or point) clutter
(birds, insects, land vehicles, wind turbines, buildings, water tanks). These clutters form
false alarms on the radar screen and degrade the system performance (see Figure 1).
Two most popular methods for radar clutter reduction are the MTI and MTD. The MTI
was firstly discussed by Ridenour (see [2]) and Grisetti et al. (see [3]) and it contains a
delay line and a subtraction circuit which takes the difference between consecutive pulses
(see Figure 2). For a moving target, the Doppler shift of the carrier frequency will change
the phase of the received pulse whereas a ground or building echo will leave it essentially
unchanged. Therefore, the clutter will be cancelled in the output pulse.

The subsequent studies are extended to the case of digital MTI (see [4]), MTI with
the staggered pulse repetition frequency (see [5], [6]). However, there are many causes
such as small movements of trees on the ground, rotation of the radar antenna that lead
to inefficiency of the MTI.

1 Corresponding Author; E-mail: loinvI2@viettel.com.vn, loinv14982@gmail.com.
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Figure 1. Illustration of false alarms (in the circles) from volume clutter on a high range resolution radar
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Figure 2. Block diagram of an MTI system [3]

The MTD is the newer approach for detection of moving targets than the MTI (see [7],
[8]). One of the main blocks of the MTD system (see Figure 3) is the block “Doppler
Filter Bank” that separates objects into different velocity levels (or equivalent, different
Doppler banks) in order to reduce clutter (see Figure 4).
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Figure 3. Block diagram of an MTD system [8]
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Figure 4. Example of clutter spectra [8]
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For 2D (or even 3D) drone detection radars, it is hard to reduce discrete clutter (such as
land vehicles and birds) because its Doppler is similar to that one of drones which fly
slowly or at a low altitude. In this situation the use of MTI and MTD cannot help.
Therefore, there is a need to explore new methods to avoid these difficulties.

Among a large number of works concerning to radar discrete clutter suppression, let us
recall the work of Martin and Shapiro (see [9]) with a method for discrimination of birds
and insects for high resolution weather radars using a combination of estimated radar
cross section and density of targets, the work of Zaugg et al. (see [10]) studied a problem
of automatic identification of bird targets from insects and ground clutters for radars
using wing flapping patterns and support vector classifiers, the work of He et al. (see
[11]) investigated a problem of wind farm discrete clutter suppression for air surveillance
radar based on clutter map and a generalizing algorithm of K-means clustering process,
the work of Jatau et al. (see [12]) for detecting birds and insects in the atmosphere using
machine learning on pattern of bird and insect echoes based on dual polarization
variables. The reduction methods for another type of radar discrete clutters reflected from
buildings was studied in [13-16].

In this paper, we propose a new method to recognize drones from discrete clutter. The
method is based on the target’s Doppler diversion and the moving characteristic. The
paper is organized in the following way. In the next section, we take a statistical analysis
on target’s Doppler and moving properties. In section 3, the proposed design and
algorithms are described. Then, the test results show the efficiency of the study. The last
section deals with the conclusion and future works.

2. Analysis
In this section by using a HRR radar (see Figure 5 and Table 1) we analyze the

characteristics of drone (Inspire 2, Phantom 4, Mavic 3) and discrete clutter (such as land
vehicles, birds) based on their radar signal echoes.

Figure 5. The radar used for the study
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Table 1. Radar parameters

Parameter Value
Radar type FMCW, 2 dimensions
Frequency X-band
Instrumented range 12km
Range resolution 1.5m
Scan rate 01Hz

2.1. Doppler characteristic
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Figure 6. Doppler characteristic of different targets

There are 16 Doppler bands using for coherent integration in this study. The number “16”
of Doppler bands is followed from the radar parameters (see Table 1). At each radar scan,
a target will be detected as a group of plots. Each plot characterizes an echo pulse from
a part of the target and has its own Doppler. Counting the plots which have the same
Doppler and displaying the results with consecutive scans we obtain the target’s Doppler
characteristic picture (see Figure 6).

The target’s Doppler dispersion is featured by (Afp, 0af,):

m = mean{Afp1, Afpz, -+, Afpm} (D
Oprp = StA{Afp1, Afpa, -+, Afpu} 2

where Afp; is the target’s Doppler spread at i-th scan and mean and std denote the mean
and standard deviation, M is number of scans and the target’s Doppler spread on the
Doppler banks.
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Analyzing data from radar targets with range less than 1,7km we obtain the following
statistic of targets Doppler dispersion (see Figure 7 and 8)
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2.2. Moving characteristic

As given in the previous section, the targets Doppler dispersion feature is not enough to
reduce the discrete clutters because of its dependence on the range from the radar to the
targets. For a small drone moving far from the radar, its Doppler dispersion feature is the
same as discrete clutter. Therefore, in this section we introduce a street data which is
used to extract targets moving characteristic for clutter reduction.

A street data is taken from www.openstreetmap.org and it contains a list of elements (or
equivalent streets). Each element (or street) is constructed by connecting adjacent nodes
(or points) together. For illustration, Figure 9 shows an element in a street data.

To perform a street map, we need the well-known following converting formula.

For a point A with range d (m) and azimuth « (rad), its latitude and longitude are defined
as:
dxhsxsina (3)

latyootXm
cos 180

lat, = lat,,or +d X hs X cosa 4
where (lat, oot 0N ) 1S the latitude and longitude of the radar position and
1

lony, = lon,gor +

2T

hs = 3L R = 6378.137 (°/m) ©)

1000
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¥ elements [392]

> {6}
v 1 {6}
type © way
id 180081693
» bounds {4}

* nodes [17]
¥ geometry [17]
v {2}
lat : 26.9983916
lon : 185.5298392
¥ 1 {2}
lat : 208.9984214
lon : 165,5287275
¥ 2 {2}
lat : 26.9904714
lon @ 1685.5284758
v 3 {2}
lat : 26.9965173
lon : 185.5283316
Figure 9. An element with its first three nodes

For a point A (laty,, lon,), its coordinates (x4, y,) in the Cartesian coordinate are

Xy = (—lat"_}i:t“"’t) /scale (6)
Ya = (—lon“";:s_wnA) /scale @)

where scale (pixel/m) is a parameter.

Now let us present the method to construct a street map with (approximately) the same
range resolution with the radar. In fact, the radar used in this study has the range

resolution 1,5m (see Table 1), hence we can use the value scale = 1,52 ~ 1(pixel), ie.

m
the street map has resolution 1,0m in the Cartesian coordinate (see Figure 10).

A
Y|-------os R
0 X g

Figure 10. Illustration of different resolutions: range resolution OR and resolution in Cartesian coordinate
0OX, OY
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The process is as following.

Step 1. From www.openstreetmap.org load the street data where the radar set up. The
street data is determined by a square shape with length 2R;,s (m) and center in the radar
position (see Figure 11), where Rips is the radar instrumented range.

Point A

Instrumented range of radar

Radar position

Figure 11. Illustration of the radar position and the loaded street data (the square shape)

Step 2. Using formulas (2) and (3) calculate the latitude and longitude of Point A (see
Figure 12) with (lat,oo¢, l0Ny0¢) is the latitude and longitude of the radar.

Step 3. For each street in the loaded data, convert coordinates of all nodes into Cartesian
coordinate using formulas (5), (6), the latitude and longitude of Point A as

(latroott lonroot)-

Step 4. Connect consecutive nodes of a street and interpolate values (coordinates) for
other points in the street (in order of resolution Im of the street map). Repeat for all
other streets we obtain the street map with (approximately) the same range resolution
with the radar (see Figure 12).

Ly1162 ,
. | - '_.
> Tl s,

\__‘mg' nﬂib;%b-”" S

~—I11i3'§w1?3

'7.|35

Figure 12. A street map (red color) displayed on the radar screen
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For analyzing of moving characteristic of radar discrete clutters with respect to the street
map we collect 10676 distance samples and 9311 moving direction samples from 380
discrete clutter (cars, motorbikes, birds) and take the statistic of the distance and moving
direction of targets to the nearest street on the street map. The statistic results are given
in Figure 13.

Histogram of angles of target's direction and nearest street Histogram of distances from target to nearest street
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Figure 13. Statistic results of radar target trajectories

3. Proposed method and test results
3.1. Proposed method
We propose a system design and algorithms for module “Discrete clutter reduction”. The

principle of the module is included in the classification of discrete clutters and drones.
The design of the module is represented in Figure 14.

Random Forest

Model Street Model

(tabel, confidence) (isbel, confidence)

(label, confidence)

Top Model

Mornitoring | (label confidence)

Figure 14. System design of module “Discrete clutter reduction”
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The data flow is as follows.

Step 1: From “Core” the target parameters (such as ranges, azimuths, moving direction)
is transferred into “Random Forest Model” and “Street Model” via “Server” and “Top
Model”.

Step 2: Each of submodules “Random Forest Model” and “Street Model” will predict the
targets as “drone” or “discrete clutter” and sends the label with confidence score
(probability of classification) back to the “Top Model”.

Step 3: At the “Top Model” a decision for each target is confirmed and the results are
back in “Core” to display on the radar monitor.

The algorithms for “Random Forest Model”, “Street Model” and “Top Model” are
described in Algorithm 1, Algorithm 2 and Algorithm 3 respectively.

Algorithm 1 (Random forest model).

Input: Doppler dispersion of targets;

Output: targets label (“drone” or “discrete clutter”);
Model: random forest with 20 trees;

Dataset for training: we collect 20.000 samples with 10.000 samples of drones and
10.000 samples of discrete clutter.

The structure of a decision tree is given in Figure 15.

%[1) <= 3.443
gini = 0.472
samples = 293
value = [181, 112]

X[0] <= 2.318 X[0] <= 2.726

gini = 0.023 gini = 0.126
samples = 175 samples = 118
value = [173, 2] value = [8, 110]
gini = 0.011 gini = 0.5 gini = 0.457 gini = 0.039
samples = 173 samples = 2 samples = 17 samples = 101
value = [172, 1] value = [1, 1] value = [6, 11] value = [2, 99]

Figure 15. Structure of a decision tree (X[1] is Af,, and X[0] is Onfp)
Algorithm 2 (Street model).

Input: target’s trajectory from radar;
Output: target’s label (“drone” or “undefined”).

Step 1: For a radar target, convert its ranges and azimuths to latitude and longtitude
coordinates using formulas (2) and (3). Then using formulas (5) and (6) with the root at
Point A (Figure 12) we obtain target’s positions in the street map (see Figure 16).
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c

Figure 16. Illustration of the coordinate conversions in Step 1: target’s position on radar screen (a),
geographic coordinate (b) and street map (c)

Step 2: From the target’s current position (in the street map) open a square gate with
center at target’s position and radius r (see Figure 17). If there is a node (point) in the
gate which belongs to a street, then target’s current position is considered as “near street”.

Point A

Figure 17. An example of a square gate on the street map

Step 3. Repeat Step 2 for N consecutive radar scans, if there are at least M scans at which
target’s position is near street and M > N X nearStreetRate, then we decide that the
target is near street.

Step 4. For a near street target, consider N last radar scan (n-N+1, n-N+2, ..., n) where
n is the current radar scan. A window with length k (k < N) is used to calculate N-k+1
angles {angle,,angle,,---,angley_;+1} between target’s moving direction and the
nearest street. If median{angle,,angle,,--,angley_;+1} < angleMax , then we
conclude that the target is moving along the street.

Step 5. If a target is moving along the street we classify it as “undefined”, else classify
as “drone”.
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The parameters used in this study for algorithm 2 are given in Table 2.
Table 2. Parameter values for Algorithm 2

Parameter Value
r (radius of square gate) 30m
N (number of consecutive scans) 15
nearStreetRate 0.5
k (window size) 5.0
angleMax 30degree

Algorithm 3 (Top model).
The top model uses rule-based method to confirm a target as “drone” or “discrete clutter”.

Input: target’s labels from submodules “Random Forest Model” (for short: RFM) and
“Street model” (for short: StM); active ranges of models (1,7km for random forest model
and 12km for street model as given in section 2);

Output: target’s confirmed label (“drone”, “discrete clutter” or “undefined”).
The main logic rules of the top model are as follows (see Figure 18 for more details).
If RFM is inactive, i.e. the target’s range is greater tham 1,7km, then StM is used.

If target’s predicted label (PRED) is different with “UNDEFINED”, then use MN logic
(in this study M = 6, N = 10) to confirm target as “drone” or “discrete clutter”.

T T F
— g PRED= PRED #
*|  PRED=SMM DRONE " UNDEFINED i PRED

.F F
v . | T
. PRED =
T oE »| PrED=DRONE DISCRETE >
: T CLUTTER PRED = MN logic
F F
PRED =DISCRETE PRED = UNDEFINED

¥

CLUTTER

Figure 18. Diagram of Top model
3.2. Test results
The module was integrated in the radar system and tested with different drones (inspire

2, phantom 4, mavic 3) in different moving scenarios (such as radial flight, tangent flight).
For the performance evaluation we use the following metrics:

True Rate of Clutter Reduction (TRCR) = mumber of true clutters classified ®)

number of all discrete clutters

number of true drone classified

True Rate of Drone Recognition (TRDR) = 9)

MRDR = Maximum Range for Drone Recognition (10)

number of all drones

The results are given in Table 3 and Figure 19-21.
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Table 3. Test results
Parameter Value
TRCP 0.95
TRDR 1.0
MRDR for drones moving across the streets 3.0km

MRDR for drones moving along the streets 1.7km
For comparison, Table 4 shows the results of our study and of Robin [17].

Table 4. Comparison with the same module on Robin drone detection radar

Parameter Robin radar Proposed module
TRCP - 0.95
TRDR - 1.0
MRDR 2.2km 3.0km

Figure 20. Test results with different moving scenarios: drone moves in a sinusoidal trajectory (above) and
along the street (below)
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Figure 21. Three drones (inspire 2, phantom 4 and mavic 3) and a bird (inside the circle) in a test

4. Conclusion and future works

The paper presented the new approach for discrete clutter reduction with drone detection
radars. A machine learning and a street model is combined to reduce discrete clutter and
recognize a drone based on Doppler diversion moving trajectories. The tests show that
95% discrete clutter was rejected while 100% drones were exactly recognized.

In future works we will extend the study to recognize more different types of targets
such as drones, helicopter, UAV from discrete clutter.
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Linh vuc ki thudt ciia sang ché

Sang ché dé cap toi phuong phap chuyén doi va hién thi dit liéu quét ra-da d6 phéan giai
cao. Cu thé, cac dai ra-da phat song dién tir ra ngoai khong gian va nhan vé tin hiéu phan xa
dudi dang cong suat, tin hiéu phan xa nay dugc s6 héa va hién thi trén ph'?m mém van hanh ra-
da; sang ché sau ddy dé xuat mot phuong phap chuyén dbi dir lidu, toi wu chat hrong hién thi
va tc d6 hién thi dit liéu quét ciia cac dai ra-da c6 do phan giai tin hiéu cao.

Tinh trang ky thuit cia sang ché

Mot trong nhitng dic diém quan trong cta ra-da 1a cho phép quan sat muc tiéu theo thoi
gian thyc, dé 1am duoc diéu nay 1a sy két hop ciia rat nhiéu chuyén nganh khac nhau nhu: co
khi, dién tir vién thong, diéu khién tu dong, cong nghé thong tin,.... Pham vi ctia sang ché nay
xét dén khia canh xtr 1y thong tin va hién thi dit liéu quét 1én phan mém hién thi giao dién cho
cac dai ra-da c6 d6 phan giai tin hiéu cao. Cu thé, cAc dii ra-da phat soéng dién tir ra ngoai khong
gian va nhan vé tin hiéu phan xa, tin hi¢u phan xa nay duoc s6 hoa va hién thi trén phén mém
van hanh ra-da, dit liéu nay dén theo tung tia phuong vi theo thoi gian thuc; thé hién cong suat
phan xa tai cac gia tri cu ly tang dan tir cu ly t6i thiéu t6i cy ly tdi da phat hién duoc; tuy theo
loai ra-da, cu ly to1 da co thé tur vai kilomet dén vai trim kilomet, khi nhan duoc dit liéu nay,
phén mém xir ly va hién thi 1én giao dién toa do dé-cac (Cartesian). Dit li€u dia vat nay thuong
duoc biéu dién dudi dang mau sdc thé hién mic cong suét tai cac 6 cu ly — phuong vi theo
mién toa do cuc. Trong khi do, can phai thé hién di liéu d6 trén man hinh d6 hoa véi mién toa
d6 dé-cac véi don vi 1a diém anh (pixel). Ttr ddy xuat hién bai toan biéu dién toa d6 cuc (Polar
Data - tip cac tia phuong vi) trén mién dé-cAc ctia giao dién ctra s6 may tinh, trong linh vyc ra-

da bai toan nay c6 tén 1a chuyén ddi dit lidu quét ra-da (Radar Scan Conversion - RSC).

Pau vao cia RSC 1a mot ma tran P, ,, trong d6:

- N 1a s tia phuwong vi trén mot vong quét ra-da 360 do, twong tmg v6i do phéan giai
phuong vi ctia dai ra-da.

- Mlasb 6 cu ly trén mot tia phuong vi, twong tmg véi do phan gidi cu ly cla dai ra-
da.

- P, Jagiatri cong suat ciia tia phuong vi thi i tai cu ly j
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Anh xa goc phuong vi (0-360 d6) sang sb tia phwong vi, va cu ly sang s6 6 cu ly, tiy
vao do chinh x4c cia dai ra-da thi s& c6 sb tia phuong vi va $6 6 cu ly khac nhau. Nhu vay véi
mot dai ra-da c6 do phan giai N tia phuwong vi va M 6 cu ly trén mdi tia phuong vi thi 6 16n
cuama tran la N x M (phﬁn tlr). Gia sir voi mot dai ra-da do phan giai cao, c6 dd phan giai
phuong vi 14 14 bit, cu ly t6i da 1a 360 km va @0 phan giai 2,5 mét trén mot 6 cu ly thi sé coO N
= 16383 va M = 144000 => D¢ 16n ctia ma tran P 1at 16n 14 ~ 2.4 ty diém.

Dau ra 1a hién thi duoc dir liéu toa do cuc trén 1én mot giao dién toa 4o dé-cac cé kich

thude 7, ., , trong do:

- W 1a chiu rong cua ctia s giao dién, don vi diém anh.

- H1a chiéu cao cua ctra s giao dién, don vi diém anh.

- T, lagia tri mau cua diém anh & hang i va cot j; gia tri mau thé hién mirc cong suat
phan xa tai 6 cu ly — phuong vi do; c6 hai loai thé hién gia tri mau: don sac (cung
mot kénh mau, cong suét 16n s& hién thi mau dam hon), da sdc (nhjéu kénh mau dua
theo séc do).

Ngoai viéc thé hién lugng dir liéu rat 16n 1én man hinh, dé thuén tién trong vi€c quan sat
dir liéu quét ra-da, con phai hd tro mot sd cac thao tac dé thuan tién cho nguoi st dung bao
gbdm: phong to (zoom in), phong nhod (zoom out), trugt (pan), chon xem mot ving bat ki (crop)
ma van phai dam bao hidu nang hién thi.

C6 nhidu phuong 4n khac nhau d& giai quyét bai toan RSC, tuy nhién mot dic diém
chung cta cac phuong phap nay 13 sit dung cac bién phap xap xi bién dang dia vat tai cac 6 cur
ly - phwong vi theo hinh thang va tan dung khd nang tinh toan song song cua d6 hoa GPU. Cac
phuong phap nay thuong chia mién dé-cac thanh cac mién tir giac v6i s6 lugng cac mién nay
cang nhiéu thi su x4p xi cang chinh x4c, sau d6 tim ra cac diém anh Gmg v&i cac dinh, tinh toa
d6 cuc cua cac dinh nay va lay ra gia tri cong suét tuong Gmg, gi4 tri cong suat clia cac diém
anh trong mién ti gidc sau d6 dugc tinh thong qua cic dinh nhd vao mot phép ndi suy tuyén
tinh (linear interpolation, bilinear interpolation, ...) hodc khong tuyén tinh (cubic interpolation,
bicubic interpolation, ...). Diéu nay lam giam d¢ chinh xac ctia dit liéu trén mién toa do dé-cac.
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Mot diém quan trong khac ctia cdc phuong phap ké trén 14 mién dé-cac 1a mién vo cung 16n va
lu6n chira du dit liéu toa do cuc, diéu ndy c6 nghia 1a cdc phuong phap nay phdi xit 1y trén toan
b6 dit liéu cua toa do cuc trong khi thuc té chi can xit Iy trén tong s6 diém anh cua cira sb giao
dién, con sd nay 1a mot h%mg s6 va thuong bé hon rat nhiéu so véi kich thudce cua dit liéu toa
do cuc, thuong do phan giai man hinh hién tai 13 1920x1080, tuong duong véi 2073600 diém
anh. Viéc phai xtt ly trén toan bo dit liu nhu vay khién cho chuong trinh chay cham, giat khung
hinh va ton hiéu ning ctia may tinh va khong dam bao hién thi dit liéu theo thoi gian thuc.

Pé giai quyét vin @ trén, sang ché dé xuat mot phuong phap méi cho phép may tinh
chi can xit Iy trén mién dir liéu quét dia vat dé-cac bang véi kich thudce caa cia 56 giao dién va
nho hon rat nhidu so véi dit liéu quét trong mién toa d6 cuc ban dau, phuong phap ciing cho
phép xac dinh chinh xac gia tr1 cong sut ciia timg diém anh hién thi ma khong can phai thong
qua céc phép xap xi, tir @6 gitp cho hinh anh biéu dién chinh x4c hon ciing nhu biéu dién duoc
bién dang dia vat dang hinh thang cong chinh xac dén timg diém anh va timg 6 phan giai ra-da
khi thao tac thu phong, ngoai ra do chi tiét ctia hinh anh hién thi tw dong thay d6i phi hop véi
mién quan sat hién tai ciia mat ngudi, tiy theo kich thuéc khung hinh va mirc d6 thu phéng ma

khong phu thuoc vao luéi toa d6 cuc rat 16n ban dau.
Ban chit ki thuét caa sing ché

Muc dich cta sang ché 1a d xuit mot phuong phap biéu dién dit liéu toa dd cuc trén
mién dé-cac dé t6i wu hién thi dir liéu quét ra-da trong cac hé thong ra-da do phan giai cao,

sang ché co hai cai tien nhu sau:

- Phuong phap d& xuét chi can xtt Iy hién thi dit liéu trén mién dé-cac c6 kich thuée H x
W (H: d6 cao khung hinh, don vi diém anh; W: d6 rong khung hinh, don vi diém anh;
khoang mot triéu diém anh (pixels) véi man hinh d phan giai HD) trong khi cac phuong
phap trude xi Iy toan mién toa do cuc co kich thude N x M (N: s6 6 culy, M: s6 6
phwong vi).

_ P06 chi tiét ctia hinh anh dit liéu cong suat tu dong thay ddi phit hop véi mién quan sat
hién tai cia mat ngudi (tuy theo kich thuéc khung hinh va mitc d6 thu phong) ma khong

phu thudc vao ludi toa do cuc rat 16n ban dau.

Dé dat duoc muc dich néu trén, sang ché dé xuat bao gom: khoi dinh vi dir 1i€u, khoi

tinh to4n gia tri cong suat, khoi anh xa cong suat sang ma mau va khoi hién thi. Trong dé:
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Khdi dinh vi: thue hién dinh vi vi tri ciia mién dé-cac 7}, , trong mién toa do cuc dit liéu
ra-da, nhan dau vio 1a dit liéu toa do cuc dit liéu quét ra-da ma tran P, ,,, khung giao dién man
hinh 7, , va céc thao tac clia ngudi dimg, d4u ra 13 bd tham s6 dinh vi vi tri ciia 7}, ;

Khéi tinh toan gia tri cong suat: thuc hién tinh toan gia tri cong suat ctia cac diém anh
trong mién 7}, ,,, nhan du vao 1a thong tin vi tri cia 7, , trong toa 6 cuc va dit lidu toa d6
cuc tir khdi dinh vi, dau ra 1a mot ma tran kich thudec HxW trong d6 mdi diém anh luu mét gia
tri cong suat tuong Umg;

Khéi 4nh xa cong sut sang mi mau: thuc hién anh xa cong xuit sang mi mau, nhan
du vao 12 ma trn cong suét tir khoi tinh toan gia tri cong suat, kém theo ham 4nh xa mau tir
gi4 tri cong suat sang mi mau, dau ra 13 mot ma tran hai chiéu trong d6 mdi phan tir Iuu bdn
giatri (R, G, B, A) thé hién ma mau taong ung;

Khéi hién thi: thyc hién biéu dién ma trin ma mau 1én giao dién.

Pé dat duge muc dich néu trén, sang ché thuc hién theo bon budc sau, bao gdom: budc
1: dinh vi vi tri ctia khung hinh dé-cac T, ., trén mién toa do cuc; bude 2: tinh toan gia tri cong
suét clia tirng diém anh trong mién 7, , dwa trén vi trf ctia khung hinh trong toa do cuc ra-da;
budc 3: anh xa ma tran cong suat sang ma tran ma mau; budc 4: biéu dién dir liéu ma mau 1én
giao dién.

Trong sang ché nay tai budc 1, vi tri cia khung hinh 7, , duoc dinh vi trén toa do cuc
12 m6t khung hinh chit nhét, ty 18 giita chiéu rong va chiéu dai cia 7, , 14 khong ddi, tuy nhién
tiry theo mirc d6 thu phong va truot cia nguoi dung ma vi tri cling nhu kich thudc cua khung
hinh 7, trén toa d¢ ciing thay ddi theo, budc nay s&€ md ta cach dinh vi vi trf cta 7, theo
thao tac cuia nguoi dung. O budce tht 2, sau khi d& dinh vi duoc chinh xac vi tri cia 7. - lan
luot ting diém anh trong 7, dwoc tinh toan ra gia tri cong suat tuong Gmg, viéc tinh toan nay
1a mot phép tinh hinh hoc dua trén cac dinh va tam cua 7}, , . Tai bude 3 va bude 4, cac dir
liéu cong suét dugc anh xa sang ma mau dé vé 1én giao dién, viéc 4nh xa mau nhu nao 14 tuy
ngudi ding sau nay quyét dinh gitip tang tinh linh hoat ciing nhu pht hop véi ting ham xanh
xa mau cho tung loai ra-da khac nhau.

Mo ta van tat cac hinh vé
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Hinh 1: 1 so d6 phuong phap chuyén dbi va hién thi dit liéu quét ra-da d6 phan giai cao
duoc dé cap trong sang ché;

Hinh 2: 1a hinh v& dinh vi vi tri ctia mién dé-cac man hinh trong hé toa do cuc ra-da;
Hinh 3: 1a hinh v& anh xa mién toa d0 cuc ra-da vao hé toa do man hinh ¢ ti 1€ géc;

Hinh 4: 14 hinh v& mét s6 kich ban st dung va su thay doi twong ng ctia mién T trong
toa do cuc;

Hinh 5: 12 hinh v& x4c dinh toa d6 cuc cua dinh A, B, C, D cia mién T;

Hinh 6: 13 hinh v& x4c dinh toa d6 cuc cia mot diém anh bat ky trén mot doan thﬁng khi
biét toa do cuc cna 2 diu mut;

Hinh 7: 1a hinh v& xac dinh toa do cuc cua toan bd diém anh trén mién T.
M3 ta chi tiét sang ché

Phén sau ddy mo ta chi tiét vé phurong phap t6i wu hién thi dit liéu dia vat trén cac dai
ra-da dua trén hinh v& (Hinh 1 13 so db tong thé ctia phuong phap), kém theo dién giai.

Hé toa d6 dugc str dung: hé toa do duoc st dung dé biéu dién dix licu quét ra-da 1a hé
toa do cuc, ¢6 tAm 13 vi tri dai ra-da, goc 0 do theo phuong thang ding, chiéu quay theo chiéu
thuan kim ddng hd. Trong thuc té, chiéu quay cta ra-da 13 thuén chiéu kim dong hd do d6 viée
chon hé toa d6 nhu trén gitip thuén tién hon trong qua trinh tinh toan va lap trinh sau nay.

Hé toa d0 dé-cac man hinh: hé toa do duogc stt dung trén phan mém may tinh, c6 goc toa

do 1a goc trén bén trai, chicu x sang phai, chicu y xuong dudi.

Buéce 1: dinh vi vi tri cia khung hinh dé-cac T, ., trén mién toa do cuc ra-da;

Xét trong hé toa do dé-cac, T 1a mot hinh chit nhat c¢6 kich thudc H x W va sb luong
diém anh ma D biéu difn 12 St = H x W 14 hing s6 khong d6i khi khong c6 céac thao tac thay
d6i khung hinh hién thi (Hinh 2). Xét trong toa do cuc thi dit liéu ra-da gui vé 1a mot hinh tron
¢6 ban kinh 13 Ro =M (M 1a cu ly phat hién t6i da ctia dai ra-da d6), lac nay T 12 mot hinh chit
nhat ¢6 ty 16 chidu dai va chidu rong khong ddi va co thé phéng to/thu nho ciing nhu dich
chuyén tu do trén toan mién. Nhu vay van dé 12 1am sao dé 4nh xa dugc cac diém anh trong T
véi cac 0 phan giai trong toa dd cuc ra-da cua P, dé lam duogc diéu d6 can mot cach dé xac dinh
vi tri chinh x4c cua T trong toa do cuc. Vi tri ciia T dugc biéu thi thong qua ba tham $b (I,R, D)

VOl
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- T tam coa T trén mién toa d6 cuc 14 (7,,,)véi 1,12 cu ly tr tm dat dai O t6i tAm I (don
vi mét) va ¢,1a goc phuong vi tir tim dt dai O t&i tam I thuan chidu kim dong hd (don
vi radian).

- R:d06 dai 1/2 duong chéo cia T xét trong mién toa d6 cuc ra-da.

- @:gobc cia T, gbc nay chi thay doi khi nguoi dung thuc hién thao tac khung hinh hién
thi.

- Céc thong tin vé& gbc va khoang cach ctia cac dinh (A, B, C, D) c6 thé dugc suy ra tir ba
thong s6 (I, R, D).

Dua trén cach biéu dién trén, tai thoi diém ban dau hé toa do cuc toan mién ra-da duoc
anh xa nén man hinh hién thi trén mién T v ti 1€ goc (Hinh 3) thi tdm I cia T c6 toa d6 (0, 0);

@zarctan(—]ij va R= R° .
w sin(D)

Khi ngudi ding thue hién thao tac thu phong khung hinh hién thi (zoom in/zoom out)
thi can tinh toan lai tham s6 R; khi thuc hién trugt man hinh (pan) thi can tinh toan lai tim I;
khi chon (crop) mét ving trén man hinh thi can tinh toan lai I va R; khi thuc hién thay dbi
khung hinh hién thi (resize) thi can tinh toan lai c4 ba tham s6 (I, R, ).

Hinh 4 mo ta sy thay ddicta T trong toa do cuc theo mot s6 thao tac thuc hién cta nguoi
dung. C6 thé thiy tai thoi diém ban dau, ty 16 phong to/thu nhé 1a ti 16 goc (1.0), sau khi nguoi
dung thuc hién thao tic phéng to, ltic nay mién 7, ,, thu nhd lai trén mién P 1am phong to ving
can theo doi 1én. Didu nay x4y ra 12 bai du ¢ thuc hién bat ki thao tac ndo di nita thi s6 luong
diém anh bién dién trén man hinh trong mién T van 14 S, = Hx/¥ va khong d6i, do @6 khi mién
T thu nho trén mién P thi s6 lugng diém anh biéu dién cho mot vung dir li€u cua P duoc ting
1én, diéu nay khong chi lam phéng to 1én ma con dam bao 1a khi nguoi dung phong to mot ving
nao d6 cang nhiéu thi biéu dién trén T clia ving d6 cang chinh xac, dong thoi thoi gian xir ly
duoc giam di rit nhidu vi chi can anh xa dit liéu trong mién T chira trong mién P, khong phai
anh xa dit liéu trén toan mién dit lidu quét.

Nguoc lai khi ngudi dung thuc hién thao tac thu nho, khi 46 s0 lwong diém anh trén T
14 khong d6i nhung s6 lwong 6 phan giai ra-da can duoc biéu dién lai ting 1én dan dén giam 46
chinh x4c ctia dit liéu cin bidu dién. Tuy nhién du trong bat ki trudng hop nao thi chuwong trinh

chi can tinh ra dugc cac anh xa tuong Ung cta S, = HxW diém anh trong mién T va khong can
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tinh toan trén toan mién dit liéu P, diéu nay giap cho ting hiéu nang ctia chuwong trinh, gitp cho
téc d6 biéu dién dit liéu ting 1én.

Nhu vay d6 chi tiét caa dir lidu quét ra-da tu dong thay dbi phu hop véi mién quan sat
clia mat ngudi (tuy theo kich thuéc khung hinh va mitc 6 thu phéng) ma khong phu thude vao
lu6i toa dd cuc ra-da rat 16n ban dau, dong thoi giam thoi gian tinh toan va hién thi, dap ung
thoi gian thyc.

Budc 2: tinh toan gi4 tri cong suét cua ting diém anh trong mién T dua trén vi tri clia
khung hinh trong toa d6 cuc ra-da;

Trong budc trude da trinh bay cach dé dinh vi vi tri ctia mién T trong toa do cuc ra-da,
budc nay mb ta chi tiét cach dé anh xa tir cac diém anh trong T sang céc 6 phan giai trong P tir
d6 14y ra céc gia tri cong suat twong tmg. Qua trinh 4nh xa g6m ba buéc chinh:

Budc 2.1: tinh toan toa d cta bon dinh cia mién T (A, B, C, D) trén hé toa do cuc ra-da tir
ba tham s6 (7, R, ®)thong qua phép tinh hinh hoc trong toa dd cuc.

Nhu d trinh bay, dé x4c dinh toa do cuc ciia cac diém anh (pixels) trudc tién can xac
dinh toa d6 cuc cia bdn dinh (A, B, C, D). Mot toa do cén xac dinh hai tham s6 chinh 1a (r,p)
, Xét trudomg hop xac dinh cho dinh A (Hinh 5), dua theo cac cong thirc tinh toan hinh hoc duoc
tao ra trong sang ché nay, cach xac dinh nhu sau:

E?Ezg),—ﬂ

éIE:—;E—E?E:%—(p,

A0 =r-0-BIE =g, —@—12’-

r,=A0 = \/R2 +12 =27, R cos(0)
1) —RZJ

nr,

=>
0, =0+ arccos(
Céc dinh (B, C, D) dugc lam hoan toan tuwong tu nhu cach tinh toan trén

Budc 2.2: tién hanh tinh toan toa do cia toan bd diém anh trén mién T trén hé toa dd
cuc ra-da dua trén toa d6 diém A va diém D duoc tinh tir bude 2.1.

Viéc tinh toa do cia cac diém anh trong mién T ¢6 thé dugc quy vé nhu trudng hop xac
dinh toa d6 cuc cia mot diém anh X bat ky nam trén doan théng AD khi biét trude toa d6 cuc
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cua A va D (Hinh 6). Pau vao 13 toa d6 cuc cac diém A, D, vi tri tuong dbi cta diém X trén
2 R AX . N R L aex . A
doan thang 1a p = B dau ra can tinh duoc toa do cuc cua diém anh X trén mién T, dua theo

cac cong thire tinh toan hinh hoc duoc tao ra trong sang ché nay, cach xac dinh nhur sau:

Ppa = Pp — Py
L,= \/rj +r12=2r,1, cos(@p,)
Ly=pL,
2,72 2
J = arccos M&
2r,L,,

ry = \/lj +17, —2r,L,, cos(5)

2 2 2
rre =L
@, = arccos| L—L—4L
21,1

"
X

=>
y

Khi d3 biét toa d6 cuc ciia 4 dinh (A, B, C, D) trén mién T, 1an luot tir trai sang phai xac
dinh cap toa do bién trén va dudi ciia hinh chit nhat 14 X (r,,¢,), Y (1, ¢,) trén mién T (Hinh
7) theo cong thirc tinh todn trén. Tu toa do cuc ctia 2 diém bién trén va dudi X, Y, 1an luot xac
dinh toa d6 cuc ciia cac diém anh trén doan XY tir trén xuéng duéi ciling theo cong thire tinh
toan trén. Sau khi tinh toan toa d6 cuc cta toan bo diém anh trén toan mién T, khi @6 s& ¢ két
qua la ma tran toa do cuc cua mién T nhu sau:

COO COl e COW

C: ClO Cll ClW

! Cij = (7;‘]'7 (Dij)
CH 0 CHI T CHW
Budc 2.3: tién hanh anh xa dit liéu toa do cuc sang toa do trong mién P dudi dang 6
phan giai (cell) theo phuong phép lay 6 phan gidi gan nhat.
V6i N 14 s6 6 phan giai phuong vi va M 1a s6 6 phan giai cu ly ctia dai ra-da; 214 do
phén gidi 6 cu ly (don vi mét), N va M ,jlﬁn luot 14 s6 6 phan giai phuong vi va cu ly tai 6 diém

anh (i, j), thuc hién tién hanh anh xa vé mién P, , nhu sau:

r.
N, =round 27N M, =round [—”—j
Py A
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Do N, va M, phéila s6 nguyén, viéc 1am tron thuc hién bang cach 1am tron gan nhat
(lay 6 phén giai gan nhat). Sau khi tim dugc N, va M tai tung 6 di€m anh, thuc hién truy van
gia tr1 cong suat tai ma tran Pyasla P, thuc hién voi tat ca cac diém anh trong mién T ta duoc

ma tran cong suat tuong ng nhu sau:

E)O Po1 POW
ZHxW _ Plo Pn RW
PHO PH] PHW

Budce 3: anh xa ma tran cong suat sang ma tran ma mau;

Sau khi xir Iy qua hai budc trén, lic nay thu duge ma trén Z,,, chlta cac gia tr1 cong
suét cua timg diém anh, tiép theo can anh xa cic gia tri cong suit nay sang mi mau dé biéu
dién 1én giao dién phin mém. M3 mau dugc st dung bon kénh mau (RGBA), x4y dung ham
mé mau RGBA,; = f(F;) dé anh xa tir dit liéu cong suat sang ma mau.

C6 nhidu cach dé anh xa sang mi mau, trong pham vi sang ché nay trinh bay phuong
phap st dung ma mau don sic dé thé hién cong suat. Lwa chon mot kénh mau dé thé hién, ma
mau cia mot kénh thé hién bang gia tri tir 0 t&i 255. Vi diém anh (pixel) c¢6 gia tri cong sudt
16n thi gia tri ma mau 16n va ngugc lai. Trong pham vi sang ché nay, ham f (F,)s€ c6 dang nhu
sau:

R (red), B (blue)=0
G (green)=1F, /255
A(alpha)=1255

Thuc hién anh xa tat ca gia tri cong suat cia ma tran Z,,, s€ thu dugc ma trdn ma mau
cta tirng di€ém anh can hién thi.

JF)  F(EBy) o J(By)

RGBa,, =| /o) SED e T

JPao) JB) o f(Bw)

Budc 4: biéu dién dit liéu ma mau 1én giao dién;
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Qua budc nay di thu duoc gia tri mau coa tat ci cac diém anh can hién thi, sau d6 st
dung thu vién d6 hoa OpenGL dé biéu dién 1én giao dién phan mém. Véi thu vién OpenGL sé&
ding ham glDrawPixel() dé hién thi 1én phin mém.

10
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Yéu ciu bio hd
1. Phuong phap chuyén di va hién thi dit liéu quét ra-da @ phan gidi cao, bao gdm cac
budc:
budc 1: dinh vi vi tri cia khung hinh dé-cac T, . trén mién toa do cuc ra-da:
v6i T 12 mot hinh chit nhat ¢6 kich thude H x W va s6 luong diém anh ma T biéu dién 13

St=H x W khong dbi, P,_,, 14 ma tran chira dit liéu quét ra-da (v6i N 12 s6 tia phuong vi trén
mot vong quét ra-da, tuong tmg voi 46 phan giai phuong vi cia dai ra-da va M 1a s6 0 cu ly
trén mot tia phwong vi, twong tng véi &6 phan giai cu ly ctia dai ra-da; vi tri ciia T trén mién
toa d6 cuc ra-da dugc biéu thi thong qua ba tham $0 (I, R, @) voi:

I: tam cta T trén mién toa d6 cuc 1a (r,,@,) v6i 7, 1a cu ly tir tdm d3t dai O t6i thm

I (don vi mét) va ¢,1a goc phuong vi tir tam dat dai O téi tam I thuan chiéu kim

ddng ho (don vi radian);

R: @0 dai 1/2 dudng chéo ciia T xét trong mién toa do cuc ra-da;

@ goc cta T, goc nay chi thay ddi khi ngudi dung thuc hién thao tc khung hinh

hién thi;
tai thoi diém ban dau hé toa d6 cuc toan mién ra-da duoc anh xa nén man hinh hién thi trén
X i e 1a A A , , " HY |
mién T vai ti 1€ goc thi tam [ ctia T cd toa d6 (0, 0); @ = arctan (—J va R=— %, ;
w sin(®P)

khi nguoi dung thuc hién thao tac thu phong khung hinh hién thi (zoom in/zoom out) thi
can tinh toan lai tham s R; khi thuc hién truot man hinh (pan) thi can tinh toan lai tam I; khi
chon (crop) mét ving trén man hinh thi can tinh toan lai I va R; khi thuc hién thay d6i khung
hinh hién thi (resize) thi can tinh toan lai ca ba tham s6 (I, R,®);

bude 2: tinh toan gi4 tri cong sudt clia timg diém 4nh trong mién T dya trén vi tri ctia khung
hinh trong toa do cuc ra-da.

budc nay mo ta chi tiét cach dé anh xa tir cac diém anh trong T sang cac & phan gidi trong
P tir d6 14y ra cac gia tri cong suat twong ng; qua trinh 4nh xa gbm ba bude chinh:

budc 2.1: tinh toan toa dd cta bon dinh cia mién T (A, B, C, D) trén hé toa do cuc ra-da tir
ba tham s6 (I, R, ®)thong qua phép tinh hinh hoc trong toa do cuc; dé xac dinh toa d6 cuc cua
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cac diém anh trude tién can x4c dinh toa do cuc ciia bdn dinh (A, B, C, D); mot toa do can xac
dinh hai tham s chinh 1a (r, ), xét truong hop xéac dinh cho dinh A, cach xac dinh nhu sau:

E?Ezgpl -7
éIE:%—EDE:%[—@I

AO=r-D-BIE=0p, —@—%

r,=A0 = \/R2 +12 =2, R cos(A0)
1P - R j

2nr,

=>
0, =9 +arccos£

budc 2.2: tién hanh tinh toan toa d6 cua toan bd diém anh trén mién T trén hé toa d6 cuc
ra-da dua trén toa d6 diém A va diém D duoc tinh tir bude 2.1.

viée tinh toa do cia cac diém anh trong mién T ¢6 thé duoc quy vé nhur truong hop xac dinh
toa d6 cuc ciia mot diém anh X bat ky nam trén doan thﬁng AD khi biét trude toa do cuc cua

A va D; dau vao la toa d6 cuc cac diém A, D, vi tri twong do1 ctia diém X trén doan thang 1a

AX A A W 2R N A , ;s
p= D dau ra can tinh duoc toa dd cuc cua diem X trén mién T, cach xac dinh nhu sau:

Ppa =Pp — P4
22 A aa
L= \/I'A +7p — 21,1, cos(@p,)
Ly =pL,
2 2 2
i+ L, —r
O =arccos| 4+—42 D
2r,L,,

I = \/lj +17, —2r,L,, cos(5)

2,2 72
Tty LAXJ

=> F
@, = arccos

rArX

khi d4 biét toa do cuc cua 4 dinh (A, B, C, D) trén mién T, 1an luot tir trai sang phai xac
dinh cip toa d6 bién trén va dudi ciia hinh chit nhat 12 X (r,,¢,), Y (,,¢,) trén mién T trong
hinh 7 theo cong thirc tinh toan trén. Tir toa d6 cuc ctia 2 diém bién trén va dudi X, Y, 1an luot
x4c dinh toa d6 cuc cia cac diém anh trén doan XY tir trén Xuéng dudi theo cong thirc tinh
toan trén. Sau khi tinh to4n toa dd cuc cia toan bo diém anh trén toan mién T, , khi d6 s& ¢c6

két qua 1a ma tran toa do cuc cua mién T nhu sau:

12
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Co Cy Cow
C, C ¢ :

C _ 10 11 ur le C,j = (f;j>¢lj)
Cyo Cuy . Cyp

budc 2.3: tién hanh 4nh xa dit liéu toa dd cuc sang toa do trong mién P duéi dang 0
phan gidi (cell) theo phuong phap ldy 6 phéan giai gan nhat;

v6i N 1a s& 6 phéan giai phwong vi va M 12 s6 6 phéan gidi cu ly ciia dai ra-da; 2113 @6
phéan gidi 6 cw ly (don vi mét), N, va M, lan lugt 12 s6 6 phan giai phuong vi va o ly tai 6 diém

anh (i, j), thuc hién tién hanh anh xa vé mien P, , nhu sau:

v,
N, = round(%—]v—];Mﬁ = round[iJ
o ) A

do N,va M, phéila s6 nguyén, viéc 1am tron thyc hién bang cach lam tron gan nhat
(liy 6 phan giai gan nhat); sau khi tim dugc N ;va M tai ting 6 diém anh, thuc hién truy van
gia tr1 cong suét tai ma tran Pyas1a Py, thuc hi€n véi tat ca cac diém anh trong mién T ta duoc

ma tran cong suat tuong rng nhu sau:

{ POO })Ol ])OW
ZHxW — BO Pl] PlW
R‘IO PHl o PHW

budc 3: anh xa ma trn cong suat sang ma tran ma mau; lic nay thu dugc ma trén 7,
chira cac gi4 tri cong suét cia timg diém anh, tiép theo can anh xa cac gia tri cong suat nay
sang m& mau dé biéu dién 1én giao dién phan mém; mi mau duoc sit dyng bén kénh mau
(RGBA), xdy dung ham ma méu RGB4; = f(F,) dé anh xa tir dit liéu cong suat sang mi mau;
¢6 nhiéu cach dé anh xa sang ma mau, trong pham vi sang ché nay trinh bay phuong phép st
dung ma mau don sic dé thé hién cong suat: Iya chon mot kénh mau dé thé hién, ma mau cta
mdt kénh thé hién bing gia tri tir 0 t6i 255; voi diém anh (pixel) ¢ gia tri cong suat 16n thi gia
tri ma mau 16n va nguoc lai; thuc hién anh xa tat ca gia tr1 cong suat ciia ma tran Z iy S€ thu

dugc ma tran m& mau cia ting diém anh can hién thi;

13
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VAG I AC D RO
SR fB) . S(By)

RGBA,,,, =
f(Py) fBy) o J(Byy)
budc 4: bidu dién dit liéu m3 mau 1én giao dién; tai budc nay su dung thur vién do hoa
OpenGL dé biéu dién 1én giao dién phin mém; véi thu vién OpenGL s& dung ham

glDrawPixel() dé hién thi.
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