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Strategy
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Abstract: It takes a long time to detect target information in noisy radar information and reduce the probability of false alarm. Therefore, it has become a research direction
to reduce the probability of false alarm and the time of effective target detection. This paper introduces a new method to reduce the occurrence of false alarm in non-uniform
environment and improve the efficiency of target detection. The proposed method involves a faster and more stable method that involves preprocessing the data set, splitting
it into smaller parts, and utilizing a KTH minimum value M determined by an ordered statistics class constant false alarm detection algorithm. Each data point in the small
segment is then compared to M, anything above M is classified as a target, and anything below M is ignored as clutter. Then ESVI-CFAR detection was performed on the
selected target to obtain the final detection result. Experimental results show that the proposed method is superior to the traditional VI-CFAR and has better target detection

performance.
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1 INTRODUCTION

Radar signal detection is one of the key technologies
in the field of radar signal application, and it is also the
technical basis for searching, locating, tracking and
identifying the detected target. In the detection process of
radar signals, in order to detect accurate targets, effectively
suppress the noise in the background of the detection unit,
and improve the detection probability of useful
semaphores, statistical false alarm rate and false alarm rate
information are essential [1, 2]. However, in radar detector
design, the statistics of false alarm rate cannot be
accurately determined. In practical applications, the level
of CFAR (Constant False Alarm Rate) detection
probability (P,) often determines the performance of the
entire system. In addition to the high detection probability,
there is also a high false alarm probability [3, 4]. It is
mainly manifested in the following aspects: poor anti-
interference [5-7]. CFAR relies on the gray level
information of image pixels, without considering the
spatial correlation information between pixels (such as
neighborhood information). Coupled with the existence of
external interference, the peaks and troughs of the gray
level histogram are not necessarily obvious, so satisfactory
segmentation results cannot be obtained. The CFAR
algorithm can be optimized for different background noise
models, such as Gaussian white noise. However, if the
noise model is inaccurate or imperfect, the performance of
the algorithm may be affected [8-10]. CFAR algorithm is
mainly used to detect target signals in background noise
[11]. However, when there are multiple target signals, the
algorithm may not be able to distinguish them effectively
and handle multi-target scenarios. CFAR algorithm is
sensitive to parameter selection [12]. For example, the
selection of parameters such as window size and threshold
settings may affect the performance of the algorithm.
CFAR algorithm needs to perform complex calculations,
including calculating the mean value and variance of signal
power [13, 14]. Therefore, for large-scale data sets or real-
time application scenarios, the algorithm may require a
long computation time. Therefore, a variety of faster and
more stable target detection methods has been proposed.

2 LITERATURE REVIEW

Johnson and Finn proposed that CA-CFAR (Cell
Average-Constant ~ False-Alarm  Rate) has  good
performance in uniform and less targeted environments
[15-17], but its performance is seriously degraded in non-
uniform environments, especially in clutter edge
environments. The probability of false alarm is obviously
increased, and there is a serious target masking
phenomenon when there are more targets. GO-CFAR
(Greatest of Constant False Alarm Rate) proposed by
Hansen, although this method has better detection
performance at clutter edge [18-21], it can better solve the
problem of high false alarm probability at clutter edge.
However, it cannot solve the problem of target masking in
CA-CFAR with multiple targets. Trunk and Rohlin
proposed a new detection method, SO-CFAR (Smallest of
Constant False-Alarm Rate), which can reduce the problem
of target masking when multiple targets are distributed on
one side of the detection unit [22-24]. However, when
multiple targets are distributed on both sides of the
detection unit, the detection effect decreases obviously and
the probability of false alarm is increased. Smith and
Varshne proposed the VI-CFAR (Variable Indictor-
constant False-Alarm Rate) detector, which integrated the
advantages of CA-CFAR, GO-CFAR and SO-CFAR [25-
26]. VI-CFAR calculates the second-order statistic VI and
the mean ratio of the front and rear sliding Windows MR
by referring to the sliding window data, determines
whether the sliding window is uniform according to VI,
and determines whether the two sides of the detection unit
are at the edge of clutter according to MR, and adaptively
selects the optimal detection algorithm through the above
two judgments. The VI-CFAR detector has a good effect in
uniform environment, and also has a good performance in
non-uniform condition, but when there 1is target
interference in both front and rear Windows, VI-CFAR still
cannot have a good effect. Hao Chengpeng et al proposed
the MVI-CFAR (Modified) of OSCA-CFAR (Ordered
Statistic and Cell Averaging Constant False Alarm Rate)
applied to VI-CFAR Variability Index - Constant False
Alarm Rate) algorithm is applied to the detection algorithm
of distributed multi-sensors [27]. OSCA-CFAR replaces
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the SO-CFAR detector, and when there is target
interference in the front and rear Windows, the OSCA-
CFAR detector can be used to detect multiple sensors. The
results are obviously improved, but OSCA-CFAR not only
improves the detection effect, but also increases the
probability of false alarm.

The above researches have certain limitations in
feature fusion. Most of the algorithms rely on the prior
knowledge of experts and are unable to deal with the
complex and changeable background and multi-modal
targets, and there are serious limitations in the processing
of dynamic point clouds. In this paper, based on the
existing detector optimization, the ESVI-CFAR detection
algorithm is proposed, the Grubbs criterion is used to
eliminate errors, and the unit average minimum constant
false alarm detection is adopted to greatly reduce the
problem of high false alarm probability caused by SO-
CFAR. By using the optimized sample and increasing the
negative sample, the detection speed is improved, the
clutter interference is effectively suppressed, and the false
detection rate is reduced.

3 IMPLEMENTATION PRINCIPLE OF ESVI-CFAR
DETECTOR
3.1 ESVI-CFAR Detector

Schematic diagram of ESVI-CFAR detector is shown
in Fig. 1. D is the detection unit, P is the protection unit, X,
is the reference unit. The reference unit X, is distributed on
both sides of the detection unit and the protection unit. VI
represents the statistical variance, SUM represents the sum
of X, reference units, and then the statistical mean ratio of
the front and rear sliding Windows is calculated. The VI
value implies whether the unilateral reference unit is
evenly distributed, and the MR Value implies whether
there is clutter edge in the detection unit. Finally, the
background estimation is selected by V7 and MR, and the
selected detectors are CA-CFAR, GO-CFAR and EESO-
CFAR detectors. Select the corresponding detector for
calculation, and finally multiply the corresponding
threshold C, and E, to get S, and then get the final value
compared with D. When D > §, the output HO; D < §,
output H1, HO indicates that the target is detected, H1
indicates that the detection is not the target.

HO  H1

Figure 1 ESVI-CFAR detection principle flow diagram

EDF (Eliminate distractions first) represents the
eliminating algorithm, and the schematic diagram is shown
in Fig. 2. X, represents all of the data. By dividing X, into
several small segments and sorting each segment, the KTH
minimum value M is selected, and the detection unit larger
than M is reserved to get Y.

u
than M larger than M Jlarger than M

Figure 2 Flow chart of EDF filtering algorithm

Ym

Based on training data sets, EDF algorithm can
eliminate non-target signals by learning and predicting the
feature differences between target and non-target signals
[28]. The basic process is as follows:

Collect training data. Training data sets containing
target and non-target signals, and feature extraction of the
data.

Build a classifier. Train the data set to build a classifier
that classifies target and non-target signals.

Calculate the probability density function. Using the
training data set, the probability density function of target
and non-target signals is calculated (PDF). For each input
signal, its probability score in the target and non-target
PDF is calculated based on its eigenvector.

Calculate the EDF value. The EDF value of the input
signal is calculated based on the probability scores of the
target and non-target PDFS [29]. The EDF value can be
calculated as follows:

p(y=1]x)

EDF(x) =
(p(y =1|x)+ p(y =0|x))

(1

where, p(y = 1|x) represents the probability that the input
signal x belongs to the target class, and p(y = O}x) represents
the probability that the input signal x belongs to the non-
target class.

Identify and eliminate non-goals. According to the size
of the EDF value, determine whether the input signal is the
target. Under normal circumstances, a threshold is set,
when the EDF value is greater than the threshold, the input
signal is judged as the target, otherwise it is judged as a
non-target.

1. The calculation of statistical variance V7 is shown in
Eq. (2) below.

2 n _
2 _x)?

VI=1+5—2:1+ ! Z(X’ X

- TyE oy

u ) (X)

2

In the expression, X represents the mean value of half
2

a reference window; u represents the estimated mean
2

value of half a reference window; O represents the

variance estimate of half a window. X, is the i-th data; n

is the number of data; i is the data sequence number.

2. The ratio of the mean value of the front reference
window to the mean value of the back reference window,
MR, is calculated in the following Eq. (3):
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.o
MR == =3 (3)

where, X, and X, respectively, represent the mean

values of the pre-reference unit and post-reference unit of
the detection unit.

After calculating the statistical variance V7 and mean
ratio MR, they are respectively compared with the
statistical variance threshold VK and mean ratio threshold
MK. The comparison results can indicate whether the
clutter is uniform and whether the front and back reference
Windows are approximately the same. The comparison
formula and results are as follows:

When VI < VK, uniform. If V1> VK, it indicates non-
uniform.

When MR™' < MR < MK , it means the mean is the

same. When MR™'>MR or MR > MK , that means the
mean is the same.

In the selection of background estimation, the
corresponding threshold and detector can be selected by the
above judgments. The threshold conditions and detector
selection are shown in Tab. 1.

Table 1 ESVI-CFAR threshold calculation and detector selection

Frontier Back Threshold CFAR
edge / MR . Detector
/ VI calculation .
4 selection
>MK -1 1
<VK <VK and C,*—XAB CA-CFAR
<MK n
<MK-1 C, *max
<VK <VK or 2 2 GO-CFAR
> MK [;EA,;ZBJ
2 Rear reference
> VK <VK -- C,*—XB window
n CA-CFAR
2 Rear reference
<VK > VK -- C,*—XA window
n CA-CFAR
C, *min
> VK > VK -- EESO-CFAR
Vi Vi [ 2 4 2 B] So-C
n n

In Tab. 1, 4 and B represent the front reference
window and back reference window respectively, which
are used in CA-CFAR, GO-CFAR and EESO-CFAR
algorithms. CA-CFAR can achieve the best results under
the background of uniform clutter. GO-CFAR detection
has the best effect when the clutter is uniform but not level.
In other cases, the EESO-CFAR detector discussed in this
paper demonstrates good detection performance in
practical applications.

3. Threshold factor selection under different detectors

. 1s assumed to be the false alarm probability, and the

P
Je

threshold factor of CA's clutter power estimation under a

uniform clutter background is calculated as follows [30]:

-1
Cn:(Pfa)n -1 (4)

If the clutter background belongs to GO-CFAR, rear
reference window CA-CFAR and front reference window
CA-CFAR (rows 2 to 4 in Tab. 1), the threshold factor is
calculated as follows:

-1
n

C,=(Py)? -1 )

In the non-uniform environment along the reference
window before and after processing, when k units are
deleted from one of the reference window edges by
comparing the reference units with the mean variance, the
corresponding function (MGF) of local estimation
generated is calculated as follows [31]:

N—-j+1

P, =Gm(x>=(:jﬂ’}_l[<n—k>cn+ e ©

In the formula, G, (x) is Gamma function.

Similarly, the local corresponding function MGF generated
by another reference window edge after / units are deleted
by mean variance is [32]:

N—-j+1

-1
PEyFTE @

M ()= [Zjnizl[(n B, +

Refer to VI & gt before and after. In the case of VK, it
is only necessary to multiply the mean value of the side
with the small mean value with C,, and the result can be
used as the final clutter power estimate.

3.2 ESVI-CFAR Implementation Method

1. Data processing

After calculating the statistical mean, identify the front
and rear reference window edge; In the case of VK, the
reference unit is divided into several segments, the number
of reference units in each segment is k, and the mean value
of k reference units in each segment is calculated.

Use the mean variance formula:

(X, - X)) <T @®)

Remove the reference units that do not meet the
requirements. If the mean variance is less than 7, it means
that the requirements are met. On the contrary, if the mean
variance is greater than 7, it means that the requirements
are not met. Refer to Fig. 3.

Through the above experimental steps, calculate the
mean X and Y of the remaining reference units, select the
mean of the smaller reference units as E,, and finally
multiply the threshold factor C, with E, to wait until S.
When S is compared with the target unit, it can determine
whether the target information exists in the target unit. If it
does, the output of the comparator will be HO; if it does not,
the output of the comparator will be H1.
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HO H1

Figure 3 Schematic diagram of EESO-CFAR

2. Calculate the threshold parameter 7

During the experiment, the target accuracy probability
(Pg) and false alarm probability (Pg) are both constants.
When the value of 7 'is larger, the system performance will
be more unstable, and there will be interference with the
target unit in the remaining reference unit, which will
reduce the accuracy probability (Py). On the contrary, the
smaller the 7" value, most of the reference units will be
excluded, making the performance of the detector
approximate to CA-CFAR, and the clutter edge detection
performance will be reduced, thus potentially increasing
the probability of false alarm. Therefore, proper threshold
parameter 7 is the key to the performance of the detector.
This paper puts forward the formula of threshold 7, which
is as follows:

T =[(1-P,)" DX} ©)

An appropriate threshold parameter 7 can be obtained
through the above formula.

3. Grubbs criterion removes errors

The data is normalized in the experiment, i.e. the mean
is subtracted and the standard deviation is divided, so that
the data is distributed around the zero mean and the unit
variance. Then the kernel density estimation function is
used to smooth the normalized data so that it is closer to
the true distribution. The accidental error is effectively
eliminated, the accuracy and response speed are taken into
account, and 13 times is taken as a unit. Among the 13 data
obtained, some may contain large errors, which need to be
sorted out, eliminate suspicious values, and improve the
speed of self-adaptation. Calculate the G; value: the
residual/standard deviation of each data from the mean
[33].

X.—-X
G, =2 (10)

i
N

Compare this G; value with the critical value in the
Grubbs critical table. The larger the value, the more
abnormal it is.

4. Increase the negative sample

The optimal model uses the two-tower recall model to
expand negative samples. The computational advantage of
the two-tower model lies in the use of negative samples in
batch samples to reduce the computational amount [34]. If
we want to increase the number of samples in the batch,
and increase the number of negative samples, we need

more memory. Therefore, the authors propose a method to
use previously trained data as a negative sample. When the
neural network training reaches a certain number of
rounds, stable vectors will be generated for the same
samples. Therefore, when the previously trained data is
used as the negative sample of the current training, the
model only needs to take the vectors of these data and use
them, and does not need to output new vectors to the neural
network. The gap between the two vectors is small. This
greatly reduces the amount of data to be processed and
increases the processing time.

Expressed in s(z, g) twin towers model calculation of
similarity of user and item g z: s(z, g) = {u (z, the delta), v
(g, the delta)}. u represents the user tower, and the output
user represents the vector; v is item, and the output item
represents the vector. Finally, the similarity is the cosine of
the two vectors. B represents a batch sample, and the
formula for calculating the probability within the batch
sample is [35]:

eS(Zi,gi)
5(z4.8;)
2 ame

FIFO (first in first out) queue is used, and the data
tower output vector is put into the FIFO. When the training
preparation reaches a certain number of rounds, a number
of vectors are taken from the FIFO as vectors of negative
samples when the model is trained. This not only reduces
the amount of computation, but also reduces the memory
usage when expanding negative samples.

py(gi|zi:6) = (11)

4 ESVI-CFAR PERFORMANCE TEST
4.1 Accuracy and Reliability Verification of EDF

The total number of input data in the experiment is
2048, the EDF step size S=32, K =S5/2 — n. §/2), the target
positions and numbers are random, and Monte Carlo
simulation method was used to simulate the random
waveform (including uniform clutter, uneven environment
and clutter edge environment) for 1076 times. The
experimental results are shown in Tab. 2 (below) [23-27].

Table 2 Verification results of EDF in Monte Carlo simulation

Number of n DNTU DCNTU P,
targets
0 1026 83 96.51%
%6 5 1240 85 100.0%
10 1843 86 100.0%
15 2016 86 100.0%
0 1046 330 96.49%
w 5 1368 339 99.12%
10 1870 342 100.0%
15 2013 342 100.0%
0 1046 582 90.23%
645 5 1368 613 95.04%
10 1870 640 99.22%
15 2013 645 100.0%

Wherein, DNTU (detection is the number of target
units) represents the number of target units detected by
EDF. DCNTU (detection contains the number of target
units) represents the number of targets detected by EDF,
and P, represents the accuracy in detecting targets. It can
be seen from Tab. 2 that EDF has a higher screening level
when n = 10.

Tehnicki viesnik 31, 3(2024), 936-944
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4.2 Performance Analysis of ESVI-CFAR Detector

The ESVI-CFAR detector was simulated under the
Monte Carlo simulation method. S = 32, n = 10 in EDF,

false alarm probability P, =10 in ESVI-CFAR,

statistical variance threshold VK = 4.76, statistical mean
variance threshold MK = 1.806, number of reference units
n = 32, number of protection units P = 2. On the premise
of satisfying the above conditions, the Monte Carlo
simulation was performed multiple times.

1. Test in a uniform clutter environment

M‘WWW WA

Ifilléure 4 Uniform Eihtter diagram

Fig. 4 shows the uniform clutter diagram. As shown in
the figure, the uniform clutter units follow an independent
distribution, and the average power of the front and rear
reference sliding windows of each target unit is similar (V7
< VK and MR < MK). Additionally, the figure does not
contain any target cells.

i ” il | il I i “ ‘ I' ’ M W. 1,

o0 oo

Figure 5 A uniform clutter pattern containing a target

|

1.0
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0.4
=i SO0-CFAR
0.2 —— GO-CFAR
—a— (S-CFAR
—— EESO-CFAR
=3é= CA-CFAR
0.0 , ‘ ; : ‘ :
5 10 15 2 5 B0 3 @

SNR/dB
Figure 6 Performance of various detectors in a uniform environment

There is a target in a uniform background
environment, and the power of the target is greater than
most of the other reference units. The target's power
reaches 21 dB. In the actual environment, the shape and
size of the target seriously affect the power of the target,

and different objects have different target power. When
conducting CFAR, the accurate detection of the target
becomes the standard to judge the performance of CFAR.
For this reason, the results proved by the above conditional
experiments are shown in Fig. 6.

0.68

0.67 4

0644

0.62 " - T -
1né 1.8 12.0 12.2 12.4 126
SNR/dB
Figure 7 Local amplification performance of various detectors in a uniform
environment

It is observed in Fig. 6 that the influence of target
power on various detectors is almost the same in the
environment of uniform clutter. When observed in Fig. 7,
the detection performance of CA-CFAR is the best,
followed by the EESO-CFAR mentioned in this paper, OS-
CFAR, GO-CFAR and SO-CFAR.

2. Test in a multi-objective environment

In practical application, there are no interference units
in the front and rear Windows of the reference units around
the target (interference units: the units where other targets
are located exist in this reference unit), and there are
interference units in the half window interference units
(interference units in the front window or reference units in
the rear window) and in the front and rear Windows.

(1) There is no interference unit in front and rear
Windows

T

wFigure 8 Unil%rm clutter digéram with mJIvtipIe targets

By observing Fig. 8, we can see that there are 5 targets
in the figure. The target units marked with ordered numbers
are distributed in a uniform clutter environment, and there
are no interference units in the front and rear window
reference units (V7 < VK, and MR < MK). This situation is
the same as that of a target in a uniform environment, CA-
CFAR still exhibits the best detection performance.

(2) Interference units exist in front or rear Windows

As can be seen from Fig. 9, there are eight targets with
interference units along the reference window (VI4 > VK
or VIB > VK, and MR < MK). Under the above conditions,
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Monte Carlo simulation was conducted for several times,
and the actual experimental data as shown in Fig. 10 were
obtained in the near real environment.

'W | 4711 | ‘ﬂvs ;h.a “
A

‘Figure 9 I\‘/Iulti-targetlone edge reference Window wifh interference units

1.0
0.81
a 064

0.44
—+— G0-CFAR

0.24 —@— EESO-CFAR
—&— CA-CFAR
== (05-CFAR
== S0-CFAR

0.0 T T T T T T

5 10 15 20 F=] 30 k5] 4

SNR/dB
Figure 10 CFAR detection performance diagram with interference units

It can be clearly seen from the data in Fig. 10 that CA-
CFAR and EESO-CFAR without interference cell edge
have better performance. As can be seen from Fig. 11, CA-
CFAR without interference cell edge has better effect.

1.0 ¢
== (0-CFAR
~— EESO-CFAR
0] —e— CA-CFAR
=== (05-CFAR
0.8 4 == S0-CFAR
'00.7*
o
0.61
0.5 _
0‘1“/././".—k
03-/
0.2 4 : T T T
12 14 16 18 20

SNR/dB
Figure 11 Enlarged view of CFAR detection performance with interference units

(3) Both front and rear Windows are tested with
interference units (in non-uniform environment)

As can be seen from Fig. 12, there are three target units
in the figure with non-uniform environments (V1 > VK),
there are interference units and clutter in the reference units
of the front and rear Windows. Through various CFAR
tests, the results are obtained as shown in Fig. 13.

SNR/dB
Figure 13 Multi-target non-uniform CFAR detection performance diagram

04
0.3
02
45 150 155 160 165 7.0 1.5
SNR/dB
Figure 14 Local magnification of multi-target non-uniform CFAR detection
performance

As can be seen from the experimental results in Fig.
13, the detection probability (P;) of EESO-CFAR has
obvious performance improvement compared with other
CFAR detectors, followed by OS-CFAR detectors, SO-
CFAR, CA-CFAR and GO-CFAR detectors have serious
target loss and greatly reduced performance. In the process
of CFAR detection, OS-CFAR detector also has good
performance. In the detection, OS-CFAR only takes the
KTH minimum value for reference comparison, but this
will also make the reference value unstable, leading to the
increase of false alarm probability. The EESO-CFAR
detector can delete interference units and clutter, thereby
reducing interference to the detection of target units and
improving performance. This detector accurately detects
the target and effectively reduces the probability of false
alarms.

Tehnicki viesnik 31, 3(2024), 936-944
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3. Test in clutter edge environment

In the clutter edge environment, there are
homogeneous clutter edges (VI < VK, and MR > MK) and
heterogeneous clutter edge environments (V/ > VK, and
MR > MK). Fig. 15 shows an example of a clutter edge
environment.

1 i

N
{‘( Vi f‘ l*»' w1\' IJM“\!.“ ‘# M“J M'” W ’JJJ l“ il h M\ ,|

' Figure 15 Clutter edgé'environmehf

(1) There are homogeneous clutter edges (V1< VK, and
MR > MK)

During the experiment, various CFAR detectors were
compared through the above environment. As can be seen
from Fig. 16, GO-CFAR had the lowest probability of false
alarm, followed by CA-CFAR with low probability of false
alarm, and EESO-CFAR also better controlled the
probability of false alarm. Compared with OS-CFAR,
EESO-CFAR greatly reduced the probability of false
alarm. The stability of the detector is improved.

100
—— GO-CFAR
| = cacrar
107 - EESO-CFAR
—— OS-CFAR
1072 4 S sO-CFAR

0 5 10 15 20 b5 30
Clutter changes position

Figure 16 Performance diagram of CFAR detector in homogeneous clutter edge

environment

OS-CFAR
GO-CFAR

EESO-CFAR
CA-CFAR
SO-CFAR

tteet

Pfa

=]

i
o

0 5 10 15 20 25 30
Clutter changes position

Figure 17 Performance diagram of CFAR detector in non-uniform clutter edge
environment

(2) Inhomogeneous clutter edge environment (VI >
VK, and MR > MK)

After the actual experiment, it can be seen from Fig.
17 that OS-CFAR is only sensitive to the KTH minimum
value, and other reference units have no influence on it,
leading to an increase of false alarm probability and greatly
reduced detection performance of OS-CFAR. On the
contrary, because the 7 in EESO-CFAR has adaptive
ability, it will change the value of T according to the overall
situation of the reference unit, so EESO-CFAR still
maintains a high detection performance.

4.3 Speed Detection and Comparison of ESVI-CFAR

In the past VI-CFAR detection process, usually
directly to the original data CFAR, which contains many
non-target units. Due to the complexity of the VI-CFAR
calculation process, all reference units required for VI-
CFAR detection consume a lot of time and memory, so the
ESVI-CFAR proposed in this paper can well solve the
above problems. The EDF module in ESVI-CFAR has the
ability to screen the target unit, greatly reducing the
computing time and memory occupation. Experimental
results are shown in Fig. 18 and Fig. 19 below.

7]

E —— ESVI-CFAR
1000 - ESVIZCFA

—— VI-CFAR

900
800
700 1
600
500 4
400

300 1

20 0 &0 800 1000 1200
Total number of units per unit
Figure 18 Relationship between the number of detection units of VI-CFAR and
ESVI-CFAR and

L0
0.8
0.6
04
02

—— ESVI-CFAR

—— VI-CFAR

0 20 200 00 800 1000

Target number per unit

Figure 19 Relationship between the number of target units detected by VI-CFAR
and ESVI-CFAR and time

As can be seen from Fig. 18 and Fig.19, when the
number of targets is fixed at 100, the overall detection unit
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increases and the detection consumption time of VI-CFAR
increases linearly, while the detection consumption time of
ESVI-CFAR increases with the increase of the number of
targets, and the increase of the overall detection unit has
little influence on ESVI-CFAR. When the number of units
is 2048 and the number of targets is increased, the detection
time of VI-CFAR reaches the maximum, while the
detection time of ESVI-CFAR increases with the increase
of targets. It can be seen that ESVI-CFAR has obvious
advantages in terms of speed.

In the actual test, 150, 300, 500, 1000, 1200 unsigned
fixed point numbers are taken as the target data input, and
the reference window size N and protection window size M

can be dynamically configured, where 1< N < 27,1 <M

< 17, and N and M are odd numbers.

Table 3 ESVI-CFAR detector test

Input target f;;)enzt;?; Det.ection Signal-to-noise ratio
number rate duration / ms boost / dB
150 71.28% 2.45 3.8
300 71.28% 247 3.8
500 71.29% 247 3.9
1000 71.30% 247 4.0
1200 71.30% 247 4.0

For ESVI-CFAR detectors, the detection was
completed within 2.47 ms, and the constant false alarm
probability was 71.3%. The signal-to-noise ratio is
improved by about 4.0 dB. Compared with the test results
of MATLAB software, the results are correct.

Tab. 4 shows the objective evaluation value of
different detection methods. It can be seen that all
algorithms have better values for those whose target values
are prominent. For non-target values, the performance of
all algorithms is degraded, but the algorithm in this paper
still has a better value.

Table 4 Evaluation of detectors
Item CA-CFAR | GO-CFAR | VI-CFAR

Textual
algorithm

Detection
duration / ms
Constant false

alarm rate
Signal-to-noise

ratio boost / dB

> 6.32 > 6.58 > 572 < 247

63.30% 67.90% 69.20% 71.30%

1.3 1.4 1.5 4.0

In general, the proposed algorithm has a certain
robustness and can maintain a relatively stable detection
rate for targets in different environments.

5 CONCLUSIONS

The optimized ESVI-CFAR detector eliminates the
interference unit and clutter unit through reasonable
acquisition threshold, so that the target detection is not
disturbed, ensuring the detector has a high detection
probability and reducing the false alarm probability. Using
the pre-deletion mechanism (EDF), most of the non-target
units can be deleted well, thus greatly reducing the
processing time and memory consumption of the CFAR
detector. This research contributes to the development of
radar signal processing solutions for faster target detection,

providing potential benefits for the sustainable
development and utilization of high-performance radars.
Acknowledgements
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